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ABSTRACT 
Multiphase complex fluids such as micelles, microemulsions and dispersions are ubiquitous 
in product formulations of food, pharmaceuticals, cosmetics, and fine chemicals. Quantifying 
how active solutes partition in the microstructure of such multiphase fluids is necessary for 
designing formulations that can optimally deliver the benefits of functional actives.  In this 
thesis, in-silico methods are employed for the prediction of solutes partition coefficient in 
complex microstructures. Recently, the method that combines molecular dynamics (MD) and 
the Conductor like Screening Model for Micellar systems (COSMOmic) has been reported for 
modelling complex fluid structures. In this research work, at first the MD/COSMOmic 
approach is tested for predicting the partition coefficients of neutral solutes in simple 
octanol/water system and compared with other in-silico methods including EPI-suite, 
COSMOtherm and UNIFAC. After validating the MD/COSMOmic for the octanol/water system, 
the approach is further used for predicting the partition coefficient of neutral solutes in 
sodium dodecyl sulfate (SDS)/heptane/butanol in water microemulsion. The MD/COSMOmic 
approach is also tested for predicting the partition coefficients of both neutral and charged 
solutes in mixed micelles of sodium laureth ether sulfate (SLES) and fatty acids. While the 
combined MD/COSMOmic shows good accuracy in predicting the partition coefficient of 
neutral solutes, it fails in predicting the partition coefficients of charged solutes. In order to 
obtain more accurate prediction for the charged solutes, the method that combines steered 
molecular dynamic (SMD) simulation and umbrella sampling (US) was employed using the 
latest polarizable force field (CHARMM-Drude). This approach shows to accurately predict the 
partition coefficients of the charged solutes. 
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NOMENCLATURE 
 𝐽                                                                       flux [mol/m2] 
𝐷                                                                      diffusivity [m2/s] 
𝐶                                                                       concentration [mol/l] 
ℎ                                                                      layer thickness [m] 
𝑡                                                                       time [s] 
𝑥                                                                      spatial coordinate 
𝐾𝑜𝑤                                                                  octanol/water partition coefficient 
M                                                                     molarity [moles of solute/ liters of solution]  
Å̇                                                                    angstrom, unit of measure  
𝐺                                                                      Gibbs free energy 
𝑆                                                                       entropy 
𝑇                                                                       temperature 
𝑉                                                                       volume 
𝑃                                                                       pressure 
𝜇                                                                       chemical potential 
𝑁                                                                      number of particles 
𝑅                                                                       gas constant 
𝐾𝐵                                                                     Boltzmann constant 
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𝐸𝑖                                                                      energy eigenstate value 
𝑃𝑖                                                                      Boltzmann energy distribution 
𝑄                                                                       partition function 
𝑎                                                                        activity coefficient 
𝐻                                                                       Hamiltonian operator 
𝐾                                                                       Kinetic energy 
𝑈                                                                       Potential energy 
𝑚                                                                      particle mass 
𝑟𝑛                                                                     particle coordinates 
𝒑𝒊                                                                      particle momenta 
𝐹                                                                       Helmholtz free energy 
𝑠                                                                        Lagrangian variable                                                                        
Ψ                                                                      wave function 
𝑉𝑠                                                                       Kohn-Sham potential 
𝑉𝑗                                                                       electron-electron repulsion potential 
𝑉𝑥𝑐                                                                     exchange-correlation potential                                                   
𝑞                                                                        screening charge 
𝑞∗                                                                      scaled screening charge 
𝐸𝑀𝐹                                                                   misfit energy contribution 
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𝐸𝐻𝐵                                                                    hydrogen bonding energy contribution 
𝑎𝑒𝑓𝑓                                                                   effective segment area 
𝐸𝑣𝑑𝑤                                                                  Van der Waals energy contribution 
𝑝𝑠                                                                        surface charge density distribution 
𝑟𝑣                                                                        radial vector 
𝑟𝑥                                                                       radial coordinate for the 𝑥 solute 
𝑑𝑥                                                                       orientation vector for the 𝑥 solute 
𝑍𝑀
𝑋                                                                       partition function for the 𝑥 solute in layers  
𝑝𝑀
𝑋                                                                       𝑥 solute distribution 
𝐺𝑀
𝑋                                                                       free energy profile of the 𝑥 solute 
𝐾𝑀,𝑆
𝑋                                                                       partition coefficient for the 𝑥 solute in layer system 
K mic/w                                                                        micelle/water partition coefficient 
K micro/w                                                                               micro-emulsion/water partition coefficient 
K o/w                                                                                                      octanol/water partition coefficient 
Greek 
Φ𝑡𝑜𝑡                                                                   electrostatic potential for a conductor 
∅                                                                         volume fraction 
𝛾                                                                         activity coefficient 
∅𝑖                                                                        orbital wave function 
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∇                                                                         nabla operator 
𝜖                                                                         permittivity constant               
𝜎                                                                         surface charge density 
𝜎𝑑𝑜𝑛𝑜𝑟                                                                surface charge density for donor atoms 
𝜎𝐻𝐵                                                                    surface charge density for hydrogen bonding 
𝜎𝑎𝑐𝑐𝑒𝑝𝑡𝑜𝑟                                                           surface charge density for acceptor atoms 
𝜇𝑀
𝑥                                                                       chemical potential for 𝑥 solute in layer system 
𝜏𝑡                                                                        temperature time constant 
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1 INTRODUCTION 
 
1.1 Background 
 
Food, pharmaceuticals, cosmetics and petrochemicals have complex formulations 
constituted by multiple components that assemble in complex hierarchical multiphase 
microstructures. As an example, surfactant molecules in a cosmetic formulation can form, in 
a specific concentration range, micelles, and absorbed at the interface of oil/water and 
water/oil droplets. Understanding how functional compounds of food, pharmaceuticals,  
cosmetics and petrochemicals partition between the multiphase structures of complex 
formulations is crucial to achieve their optimal delivery and maximum efficacy of functional 
benefits such as health, nutrition, hygiene and wellbeing. Complex product formulations are 
characterized by consisting of many chemical ingredients and often contain dispersed 
microstructures such as micelles and microemulsions. Micelles and microemulsion droplets 
are used for enhancing the delivery of hydrophobic drugs1 and increasing their availability in 
transdermal2,3 and oral4 drug deliveries. For this reason, there is a primary interest in 
understanding solute partitioning behaviour in multiphase systems containing these 
microstructures. Solute partition coefficient in multiphase materials is a thermodynamic 
property that is related to the energy needed for transferring a solute molecule from one 
phase to another and is defined as the ratio between the quantity of solute that distributes 
between the two phases.  Experimentally partition coefficients can be measured in different 
ways, measurements are usually performed by using High-Performance Liquid 
Chromatography5,6 (HPLC). Kelly et al.7 and Burns et al.8 used Micellar Electrokinetic 
Chromatography7,8 (MEKC) and microemulsion electrokinetic chromatography9 (MEEKC). 
While solute partitioning in complex formulations can be measured by experimental methods 
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such as the above, these are often quite expensive and time consuming. For this reason, 
development of in-silico methodologies for predicting partition coefficients is on the rise. 
A number of in-silico models have been reported in recent years for predicting solute partition 
in model biphasic systems. Group contributions (GC) method and Quantitative structure-
activity relationship (QSAR) method have been extensively used and they can predict partition 
coefficients with good accuracy10. However, these methods require an extensive regression 
of experimental data for the estimation of model parameters and therefore their applicability 
is limited to molecules that can be parameterized with available experimental data.   Dielectric 
continuum solvation method11 (CSMs) is an alternative to group contribution method for the 
prediction of thermodynamic properties of mixed solvents. Klamt first proposed the 
“conductor-like screening model for real solvents”, the so-called COSMO-RS12,13 theory and  
implemented the theory in COSMOtherm10 software. In COSMO-RS theory, partition 
coefficients are predicted through quantum chemical calculations; these calculations can be 
performed for all compounds of interest and therefore the applicability of COSMO-RS is much 
wider than that of GC and QSAR methods. COSMOmic14 method is an extension of the 
COSMO-RS theory for inhomogeneous systems such as micelles and other molecular 
assembly structures. In the COSMOmic approach, the molecular structure of assemblies is 
explicitly considered at an atomistic scale; the atomistic resolution of the molecular assembly 
of liquid structure is usually achieved by performing molecular dynamics (MD) simulations, 
this is also referred as the MD/COSMOmic approach. MD simulation with advanced sampling 
techniques, such as Umbrella Sampling15 (US), can also be employed for the in-silico 
prediction of partition coefficients and this is further referred to as the MD/US approach. 
Although MD/US and MD/COSMOmic have been used for predicting solute partition 
coefficients in some micellar systems, the potential for predicting solutes partition  
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coefficients in more complex multi-phase microstructures such as micro-emulsion systems 
has not yet been fully explored. Furthermore, the prediction accuracy of the MD/US and 
MD/COSMOmic is not yet fully assessed. In this thesis, we at first assess the accuracy of the 
MD/COSMOmic approach for predicting octanol-water partition coefficients of simple solvent 
systems in comparison with other methods. Subsequently, based on the good prediction 
accuracy of the MD/COSMOmic approach, we further use the MD/US and the MD/COSMOmic 
methods for predicting the partition coefficients of both neutral and charged solutes in 
complex microstructures of microemulsions and mixed micelles. For charged solutes, a 
recently developed polarizable force field has been used.  
1.2 Aims and objectives 
The aim of this work is to develop, apply and evaluate in-silico methodologies for the 
prediction of solutes partition coefficient in complex formulations. In order to pursue this aim, 
the following objectives have to be initiated: 
o Reviewing the existing literature to establish the state of the art for in-silico prediction 
of partition coefficients in complex formulations and to identify gaps to be bridged.  
o Identifying and selecting the most appropriate methodologies for in-silico prediction of 
solute partition coefficients in complex multiphase microstructures of formulations.  
o Assessing the predictive accuracy of the MD/COSMOmic approach in predicting solutes 
partition coefficients and comparing with other established methodologies.  
o Developing and applying the MD/COSMOmic approach for predicting solutes partition 
coefficients in complex micro-structured systems of microemulsions and validating 
model prediction against published experimental data.  
23 
 
o Developing and applying the MD/COSMOmic and MD/US approaches for predicting 
solutes partition coefficients of charged molecules in mixed micellar systems by using 
recently developed polarizable force field for achieving more accurate prediction 
partition coefficients of charged solutes. 
o Highlighting future prospective and development for achieving accurate prediction of 
solute partition in complex formulations considering temperature and pH effects.  
1.3 Overview of the thesis 
The thesis is organized in the following chapters: 
 
Chapter 1: Introduction 
The relevant topic of the in-silico prediction of partition coefficients in complex product 
formulation is introduced and the research work is planned. 
Chapter 2: Literature review 
Recent progress in the in-silico prediction of partition coefficients is reviewed and analysed. 
Various in-silico methods for predicting solutes partition coefficients have been discussed and 
the challenges for predicting solute partition in structured fluids such as micelles and 
microemulsions have been highlighted.  
Chapter 3: Methods  
In this chapter, the theoretical background for predicting solute partitioning has been 
discussed, including fragment method for predicting octanol-water partition coefficients of 
solutes, group contribution method for predicting solute partitioning in mixed fluids and 
“conductor-like screening model for real solvents” (COSMO-RS) method for complex fluids. 
Also discussed is the COSMOtherm model based on the COSMO-RS theory together with the 
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density functional theory (DFT).  Much of the chapter is focused on combining molecular 
dynamics (MD) and COSMOmic, an extension of COSMO-RS theory for structured fluid, for 
predicting solute partitioning in complex multi-phase fluid structures of micelles and 
emulsions.  The MD method is briefly outlined, with a primary focus on the force field and the 
procedures to perform a simulation. Advanced sampling techniques for performing time -
efficient free energy calculations are reported. Finally, the method that combines steered 
molecular dynamics (SMD) simulations and umbrella sampling (US) for predicting solute 
partitioning in complex molecular assemblies has been introduced.  
Chapter 4: Prediction accuracy of MD/COSMOmic in comparison with Fragment method 
and GC method for octanol/water partition coefficient 
In this chapter, the prediction accuracy of the combined MD/COSMOmic method for 
predicting octanol-water partition coefficients is evaluated. Octanol-water partition 
coefficient is chosen so that the combined MD/COSMOmic can be compared with other 
existing in-silico methods of fragment-based EPI (Estimation Programs Interface) suite TM, 
group contribution based UNIFAC and COSMOtherm based COSMO-RS. The comparison 
showed that the MD/COSMOmic approach can reliably predict K o/w , with its prediction 
accuracy close to the EPI one, and out-performing UNIFAC and COSMOtherm.  
Chapter 5: Solute partition in SDS/butanol/heptane in water microemulsion  
In this chapter the MD/COSMOmic approach is applied for predicting solute partition 
coefficients in SDS/butanol/heptane microemulsion system. MD simulations have been 
performed to predict the molecular assembly of  SDS (1.44% w/w), butanol (6.49% w/w), 
heptane (0.82% w/w) and water (91.25% w/w), of which experimental data  have  been 
reported by Abraham et al.16 and Ishihama et al.9 for 14 solutes. The predicted droplet/water 
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partition coefficients were compared to the experimental data of Ishihama et al9.  The 
MD/COSMOmic approach was shown to reliably predict solute partition coefficients in 
inhomogeneous solvent system of microemulsion of which the other in-silico of COSMOtherm 
and UNIFAC are not able to achieve, this was the first time that the MD/COSMOmic approach 
was applied to a microemulsion system.  
Chapter 6: Solute partition in mixed SLES/fatty acids micelle system 
In this chapter, the MD/COSMOmic and steered molecular dynamics/Umbrella Sampling 
(SMD/US) are applied for predicting micelle/water partition coefficients in sodium 
laurylethersulfate (SLES) and water system. It has been reported9 that MD/COSMOmic and 
SMD/US are not very accurate in predicting the partition coefficients of charged solutes in 
micellar systems when non-polarizable force field is used in MD. Here the Drude polarizable  
force field (CHARMM Drude) has been used. Partition coefficient predictions by means of 
CHARMM Drude force field were performed in collaboration with Dr Anmol Kumar (University 
of Maryland School of Pharmacy) for the parametrization of SLES molecule within the 
CHARMM Drude force field and with Dr Abhishek Kognole (University of Maryland School of 
Pharmacy) in carrying out SMD/US simulations, using the computing facilities of the Mackerell 
Lab at the University of Maryland School of Pharmacy. Micellar-water partition coefficients in 
the SLES-water solution have been predicted for the solutes contained in the experimental 
data of Tzocheva et al. 17  Compared with the standard non-polarizable force field 
CHARMM36, the prediction of the polarizable force field significantly improved the accuracy  
against the experimental data of Tzocheva et al. 17   
 
 
26 
 
Chapter 7: Conclusions and future prospective 
In this chapter, the capability of MD/COSMOmic and SMD/US for predicting partition 
coefficients have been summarized.  Future prospective on advanced methods with a wider 
applicability and robust computation efficiency are discussed. In particular, the applicability 
of a method that combines coarse-grained MD simulations with COSMOmic for the in-silico  
prediction of partition coefficients in complex formulations containing molecules consisting 
of a large number of atoms (such as polymeric micelles) is discussed. Also discussed is the 
applicability of advanced sampling techniques, such as Umbrella Sampling with replica 
exchange at constant temperature and constant pH for predicting partition coefficients at 
different temperatures and pH conditions.  
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2 LITERATURE REVIEW 
 
In this chapter the literature relevant to the thesis is reviewed. Complex multiphase 
microstructures and their applications are reviewed and the importance of predicting solutes 
partition coefficients in complex formulations is first discussed. Subsequently relevant 
modelling studies for the calculation of partition coefficients are presented. The focus is the 
latest progress in the development of in-silico models for predicting solute partition 
coefficients in complex multiphase product microstructures. 
2.1 Partition coefficients in complex multiphase microstructures 
 
Complex formulations such as microemulsions have a wide range of applications in food, 
cosmetic, pharmaceutical and petrochemical industries18–22. Lawrence et al. 23 reported that 
microemulsions are increasingly explored for cutaneous drug delivery due to their high 
solubilisation potential for both lipophilic and hydrophilic drugs. Ma et al.24 reported that 
microemulsions can be used for lowering the high viscosity of vegetable oils, whilst Santanna 
et al.25 reported that microemulsion can be used for enhancing oil recovery.  
Micelles are also common microstructures that are widely encountered in complex product 
formulations. A micelle is an aggregate formed by surfactant molecules in a liquid when the 
concentration exceeds critical micellar concentration (CMC)26. Tzocheva et al.17 studied 
extensively the micellization process of fatty acids and fatty alcohols in anionic (sodium 
laurylethersulfate) and zwitterionic (cocamidopropyl betaine) micellar surfactants solutions 
applied to cosmetic formulations. Kataoka et al.27 highlighted the utility of polymeric micelles 
formed through the multi-molecular assembly of block copolymers as novel core–shell type 
colloidal carriers for drug and gene targeting. Torchilin et al.28 stated that micelles as drug 
carriers are able to provide a set of unbeatable advantages such as  solubilizing poorly soluble 
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drugs, increasing bioavailability, and sustained delivery  to the bloodstream.  Quantifying how 
active solutes partition in the microstructure of such multiphase fluids is necessary for 
designing formulations that can optimally deliver the benefits of functional actives 20,29,30. 
As an example, the widely used octanol/water partition coefficient (Ko w⁄ ) has been employed 
for correlating solute partitioning in biological systems such as skin and blood31–33. The 
hydrophobic carbon chain and hydrophilic hydroxide head group of octanol are considered to 
satisfactorily resemble the lipophilicity of biological systems. Potts et al.34 developed the first 
model in 1992 for skin permeability based on a correlation of Ko w⁄ . Since then, relevant works 
on skin permeability using correlation with Ko w⁄  for predicting partition coefficients in skin 
layers have been carried out, among others, by Lian et al.35, Chen et al.,36 and Mitragotri et 
al.37 Furthermore, Ko w⁄  has been used for predicting soil/water partition coefficients, which 
is a fundamental property for the desorption of pollutants from contaminated soils38–41. 
Although experimental octanol/water partition coefficients  data exist for more than 18000 
organic chemicals42, in some applications, the Ko/w alone does not accurately describe the 
partitioning behaviour of chemicals, therefore solute partition coefficients in other solvent 
systems have to be calculated. As an example, Ishihama et al.9 showed how partitioning 
behaviour in the SDS/heptane/butanol in water microemulsion is different from that in 
octanol/water.  
Partition coefficients can be measured experimentally in different ways. Direct 
measurements are usually performed by using High-Performance Liquid Chromatography5,6 
(HPLC). Kelly et al.7 and Burns et al.8 used Micellar Electrokinetic Chromatography (MEKC) to 
measure the micelle/water partition coefficients in the SDS/water micellar systems. Ishihama 
et al.9  used microemulsion electrokinetic chromatography (MEEKC) to obtain droplet/water 
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partition coefficients for the SDS/heptane/butanol in water microemulsion system. 
Tzocheva et al.17,43 reported experimental values, derived from solubility measurements of 
fatty acids in water and in micellar solutions, for the partition coefficients of fatty acids in 
micellar solutions of sodium laurylethersulfate (SLES) anionic surfactant and cocamidopropyl 
betaine (CAPB) zwitterionic surfactant. While solute partitioning in complex formulation can 
be measured by experimental methods, these are often quite expensive and time consuming. 
Furthermore, in dealing with complex formulations containing microstructures, experimental 
techniques cannot reach an atomistic resolution of the solvent structure and therefore lack 
in accuracy when predicting solutes partition coefficients between the bulk phase and the 
microstructures. For this reason, development of in-silico methodology for predicting 
partition coefficients is constantly increasing as a valuable alternative to experimental 
techniques. 
2.2 In-silico methods for predicting partition coefficients 
 
2.2.1 EPI and UNIFAC 
 
Several in-silico models have been reported in recent years for predicting solute partitioning 
in model solvent systems. Many of them can only predict partition coefficients in 
homogeneous solvent systems, such as octanol/water.  
Among others the EPI (Estimation Programs Interface) fragments method and the UNIFAC 
(UNIQUAC Functional-group Activity Coefficients) have been widely used for predicting 
partition coefficient between octanol and water, Ko/w44,45.  
EPI requires certain parameter fitting to experimentally measured partition coefficients, and 
it has been developed specifically for the octanol/water system, therefore it cannot be 
applied to complex microstructures such as emulsions and micelles.  
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Group contributions (GC) method has been developed to predict the thermodynamic 
properties (primarily activity coefficients) of solute in miscible solvent mixtures. Using 
molecular parameters such as functional groups and bonds, the GC approach also requires 
regression to experimental data. UNIFAC (UNIQUAC Functional-group Activity Coefficients) is 
a model based on the group-contribution method for predicting the activity coefficients in 
nonelectrolyte liquid mixtures. UNIFAC was first developed by A. Fredenslund et al.46 with the 
group-interaction parameters obtained from the phase equilibria of binary and 
multicomponent miscible fluid mixtures. The method was demonstrated for miscible fluid 
mixtures containing water, hydrocarbons, alcohols, chlorides, nitriles, ketones, amines, and 
other organic fluids47 . By knowing the activity coefficients of a solute in two different solvent 
mixtures, the partition coefficient of the solute between the two mixed fluids can be derived 
46–48. The latest version of UNIFAC49 holds parameterizations for 61 atom groups . There is still 
a lack of parameters for some most common atom groups in many surfactants, e.g. sodium 
dodecyl sulfate (SDS).  
2.2.2 COSMO-RS models 
 
A more recent method for predicting solute partition in fluid mixtures is the “conductor-like 
screening model for real solvents”, the so-called COSMO-RS12,13,50 method that was initially 
proposed by Klamt in 199512 and further developed by Klamt et al. in 199850. As a quantum 
chemistry-based thermodynamic method, the COSMO-RS theory uses the screening charge 
density on the surface of solute molecules to determine the chemical potential of solute 
species in pure and/or mixed liquids. Based on the chemical potential, the activity coefficients 
of solutes in two solvent mixtures can be computed and the solute partition coefficients 
between the two solvent mixtures are calculated as the ratio of the activity coefficients. The 
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surface charge densities of solute molecules are computed through quantum chemical 
calculations and can be obtained for surfactant molecules of interest, making this method 
applicable to structured fluids such as micelles and microemulsions. The standard COSMO-RS 
software is COSMOtherm13,50, which calculates the partition coefficients by means of a 
pseudo-phase approach, where the solvent mixtures are considered homogeneous. This is 
suitable for partition coefficients in relatively simple fluid systems. Lin et al.51 used UNIFAC 
and COSMO-RS theory implemented in COSMO-SAC52 to calculate the octanol/water partition 
coefficients for 64 compounds.  The root means square deviation (RMSD) between the 
calculated values of log Ko/w and the ones measured was 0.48 for COSMO-SAC and 0.65 and 
UNIFAC respectively, showing significantly improved prediction accuracy with the COSMO-RS 
approach. Partition coefficients for two different surfactant-water systems (Triton X100 Ionic 
surfactant and SDS anionic surfactant) have also been predicted by Mokrushina et al.53 in 
2007 using both the UNIFAC and COSMO-RS. The partition coefficients were predicted at 298 
K for solutes belonging to the following classes of chemicals: alkanes, alkanols, esters, 
chlorobenzenes, ketones, and alkane nitriles.  This study further confirmed that the COSMO-
RS predictions are more accurate than UNIFAC, yielding a percentage relative mean error of 
11 % compared to 20 % of UNIFAC.   
The COSMO-RS theory was further developed by Klamt et al. in 200814 for dispersed micelles 
and other molecular assembly structures. This is implemented in COSMOmic, an extension of 
COSMOtherm10,54. By explicitly considering the geometries and orientations of the molecular 
assemblies of complex fluid structures, COSMOmic can be applied to simulate the equilibrium 
thermodynamics of a wide range of multiphase fluid systems such as micelles, liposomes, bio-
membranes and polymers, as long as the molecular assembly of the complex objects is 
known. The molecular structure of the assembly can be achieved through MD simulations. 
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The MD/COSMOmic approach allows for considering the potential transport resistances due 
to the inhomogeneity of the structure. As mentioned before, these resistances cannot be 
determined with thermodynamic models such as UNIFAC and COSMO-RS which consider the 
structure as a macroscopic phase in equilibrium with the aqueous surrounding (pseudo-phase 
approach).   An application of COSMOmic was first reported by Ingram et al.55 in 2013. The 
authors reported all-atom MD simulations of SDS/water and CTAB/water systems.  
Representative micelle structures were obtained and subsequently loaded to COSMOmic for 
calculating micelle/water partition coefficients. The free energy profiles and micelle/water 
partition coefficients for more than 200 solutes in the self -assembled micelles were predicted 
and validated against experimental data. Compared to COSMOtherm, MD/COSMOmic 
significantly improved the prediction accuracy of the partition coefficients. More recently, 
Yordanova et al.56 applied COSMOmic to predict micelle/water partition coefficients of 
neutral and ionized solutes in non-ionic Triton X-114 (TX114), zwitterionic 
hexadecylphosphocholine (HePC), anionic sodium dodecyl sulfate (SDS), and cationic 
cetyltrimethylammonium bromide (CTAB). They used two approaches: MD with COSMOmic 
and SMD with umbrella sampling (US). Both were found to accurately predict micelle/water 
for 15 neutral solutes, yielding values very close to the experimental data. For ionized solutes, 
both approaches under-predicted the partition coefficients, although the prediction of the 
MD/COSMOmic approach is better than the MD/US.  The authors hypothesized that the 
inaccuracy of the prediction for ionic solutes was due to the standard force fields used in the 
simulation. Standard force fields did not account for atom’s polarizability of electrostatic 
interaction.  It was suggested that using polarizable force field would be more appropriate for 
ionized solutes. 
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2.2.3 Molecular dynamics (MD) modelling of complex multiphase microstructure 
 
For MD/COSMOmic and SMD/US methods to be used for predicting solute partition in 
complex multiphase microstructures, molecular assembly of multiphase microstructures 
needs to be generated. Sammalkorpi et al.57 reported extensive MD simulations of sodium 
dodecyl sulfate (SDS) aggregation. The formation of SDS micellar structures has been 
investigated from a random initial configuration of 200 surfactant molecules in water. 
Multiple micelles were formed and analysis of the size of formed assemblies has been carried 
out. The number of SDS molecules in each of the aggregated micelles, also known as the 
aggregation number, was compared to experimental values. Palazzesi et al.59 used MD to 
simulate sodium dodecylbenzene sulfonate (SDBS) micelles and compared the results with  
the SDS micelles. The simulation started from pre-assembled configurations for both micellar 
systems, each consisting of sixty surfactant molecules, and both have similar mean micellar 
radius of 19.4 Å and 20.0 Å respectively. Analysis of the solvent accessible surface area, chain 
direction, end-to-end distances, and carbon–carbon bond conformations showed that the 
hydrophobic core made by the dodecyl chains of SDBS is more tightly packed than SDS.  By 
means of these analysis and characterizations of the structure of the formed micelles, the 
authors showed how the micellar system reached equilibrium.  This is a fundamental 
requirement for achieving accurate prediction solute partition using COSMOmic. MD studies 
for microemulsions consisting of nonionic rhamnolipid surfactant and decane have been 
recently performed by Luft et al.60  The variation in size and composition of microemulsion 
during simulation was characterised by properties including radius of gyration, eccentricity of 
the aggregates as well as the accessible surface area for decane and rhamnolipid surfactant 
molecules. The binding free energy of decane to the rhamnolipid aggregate was calculated in 
order to check the favourable ability of rhamnolipid in trapping nonpolar molecules. 
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Moghaddasi et al.60 carried out a MD study of a microemulsion system containing soybean oil 
and Tween 80 nonionic surfactant in the absence and presence of curcumin. They 
investigated how the microemulsion system, acting as penetration enhancer, can affect the 
bioavailability of curcumin that is poorly soluble in water. The size and shape of the 
microemulsion was simulated and the authors observed an almost spherical assembly in both 
the presence and absence of curcumin.  
2.3 Summary  
To summarise, significant progress has been made in predicting solute partition in multiphase 
materials. Early models (e.g. EPI suite TM and QSAR61,62) have been developed for the 
prediction of partition coefficients between simple fluids, primarily octanol/water.  Methods 
for predicting partition coefficients of homogeneous solvent mixtures (mostly binary) have 
also been developed, namely UNIFAC and COSMOtherm. Recent progress in MD simulations 
and supercomputing made it possible for predicting solute partition in inhomogeneous 
complex fluids. Work has been reported in using MD/COSMOmic and MD/US for micellar 
systems. These approaches have potential for complex emulsions and dispersions but so far 
have only been tested for micelles. Furthermore, the prediction accuracy of MD/COSMOmic 
and MD/US for partition coefficients is not fully evaluated.  
To address the above gaps, we first choose octanol/water system to evaluate the predictive 
accuracy of MD/COSMOmic in comparison with the predictions from EPI, UNIFAC, and 
COSMOtherm methods. Having demonstrated the good prediction accuracy of 
MD/COSMOmic, we then apply the MD/COSMOmic approach for predicting solute partition 
in an oil-in-water microemulsion system.  This is to set a higher level of complexity in using 
MD/COSMOmic for microstructured solvent systems of SDS/heptane/butanol in water 
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microemulsion system.  Finally, we further apply MD/COSMOmic and MD/US for predicting 
the partition coefficient of charged molecules in ionic surfactant systems. Recent studies 
showed severe inaccuracy in predicting the partition coefficients of charged solutes in micro 
structured solvent systems by using standard non-polarizable force fields in treating 
electrostatic interactions.  To improve the prediction accuracy, we then employ a recently 
developed polarizable force field63  for predicting the partition coefficients of a charged solute 
in SLES micellar system. 
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3 Methods 
In this chapter, early methods for predicting solute partitioning are briefly discussed. This 
includes EPI suite and UNIFAC. The main focus is on recently developed methods that are 
capable of accurately modelling complex microstructures and solute partition coefficients in 
complex formulations, including: 
o The method that combines MD and COSMOmic.  
o The method that combines MD and US. 
3.1 EPI software 
 
EPI Suite TM is a Windows®-based open source software at EPA (Environmental Protection 
Agency https://www.epa.gov) for predicting physical chemical properties and environmental 
fate of chemical compounds. This method was first proposed by Sangster42 for calculating the 
partition coefficient in the octanol-water system. Solute partition coefficient in the octanol-
water system is calculated using atom/fragment contributions of molecules. The log K o/w 
value is obtained by summing all the weighted contributions of fragments contained in the 
molecular structure of chemicals: 
log 𝐾𝑜/𝑤 =  ∑ 𝑓𝑖𝑛𝑖 +  ∑ 𝑐𝑗𝑛𝑗𝑗 + 0.229𝑖                                                         (3.1) 
Where 𝑓𝑖   (i = 1,2,…) are fitted coefficients for each atom fragments in a solute molecule, 𝑛𝑖 
is the number of times that a fragment occurs in the solute molecule, 𝑐𝑗 are fitted coefficients 
for each correction factor, 𝑛𝑗 is the number of times that the correction factor is applied to 
the molecule and 0.229  is a linear equation constant. 
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3.2 UNIFAC 
 
UNIFAC (UNIQUAC Functional‐group Activity Coefficients) is a group contribution method 
that was  first developed by Fredenslund et al.47  This method uses functional groups of both 
solvent molecules and solute molecules to calculate the activity of a solute in solvent 
mixtures. Multiple regressions of experimental data of liquid-liquid equilibrium and liquid-
vapor equilibrium of solvent mixtures are used to estimate groups interaction parameters. 
From group interaction parameters, activity coefficients for a solute 𝑖  (𝛾𝑖) in the solvent 
system is predicted as the summation of a combinatorial contribution (𝛾𝑖
𝐶) and a residual 
contribution (𝛾𝑖
𝑅): 
 ln 𝛾𝑖 = ln 𝛾𝑖
𝐶 + ln 𝛾𝑖
𝑅                                                      (3.2) 
Where the residual contribution accounts for the interactions of groups in the mixture and 
the combinatorial contribution accounts for entropic effects due to differences in molecular 
shape. 
The partition coefficient of a solute in the two-solvent mixture is then computed as the ratio 
of the activity coefficients between the two solvents.  
3.3 COSMO-RS 
3.3.1 Screening charge densities calculation  
COSMO-RS (The Conductor-like Screening Model12,50 for Real Solvents) is a relatively new 
method for calculating the chemical potential of solute in solvent mixtures. Using quantum 
chemistry based continuum solvation model11 (CSM), solute molecules in solvents are treated 
as if embedded in a dielectric medium via a molecular surface or “cavity” that is constructed 
around the solute molecule. The charge distribution of the solute polarizes the dielectric 
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medium of the solvent (source charge). The response of the solvent medium is described by 
the generation of screening charges on the cavity surface. A reliable treatment of arbitrarily 
shaped molecules requires a molecular-shaped cavity to be defined.  The cavity surface is 
discretized into fine elements, called segments. Each surface segment is contained in a 
COSMO file and associated with its underlying atom. The screening charges are calculated 
using quantum chemical calculations based on the density functional theory (DFT).  Based on 
the Kohn-Sham64 eigenvalue equation, a Schrodinger-like equation is derived for the i 
electron of a fictitious system of non-interacting electrons. This equation maps the many-
body problem onto a single body one, drastically reducing the computation that characterizes 
the Hartree-Fock methods. The Kohn-Sham equation for i electron has the following 
formulation: 
              (−
ℏ2
2m
∇2 + Vs(r⃗))∅i(r⃗) = εi∅i(r⃗)(−
ℏ2
2𝑚
∇2 + 𝑉𝑠(?⃗?)) ∅𝑖 (𝑟) = 𝜀𝑖 ∅𝑖(𝑟)                (3.3) 
In which ℏ is the Planck constant, m is the mass of the electron, ∇2 is the Laplacian operator, 
Vs(r⃗) is Kohn-Sham potential, ∅i (r) is the orbital wavefunction for the i electron and εi is the 
total energy contribution of the i electron. The Vs(r) Kohn-Sham potential has the following 
form: 
            Vs(r⃗) = V(r⃗) + Vj[ns(r⃗)] + Vxc[ns(r⃗)]𝑉𝑠(𝑟) = 𝑉(𝑟) + 𝑉𝑗[𝑛𝑠(?⃗?)] + 𝑉𝑥𝑐[𝑛𝑠(?⃗?)]              (3.4) 
Where V(r⃗) is the potential energy from the external field due to the positively charged 
nuclei, the second term describes the electron-electron Coulomb repulsion and the last term 
is the exchange-correlation potential. The above equation yields the orbitals ∅i for all the 
electrons in the system.  For an n-electrons system the electron density n(r⃑) can be derived 
as follows: 
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             𝑛(𝑟) = ∑ |∅𝑖(𝑟)|
2𝑁
𝑖                                                                       (3.5) 
Since 𝑉𝑗 and 𝑉𝑥𝑐 depend on ∅𝑖(𝑟) i}}, which in turn depends on 𝑉𝑠(𝑟), the problem of solving 
the Kohn–Sham equation has to be by iteration. This iteration is an energy minimization  
process of the electronic system and it is also referred to as geometry optimization.  
Once the calculations are converged, the optimized values for the segments area 𝑎𝑖 and the 
screening charge density (SCD) 𝜎𝑖 are saved and used for calculating the thermodynamic 
properties. This calculation procedure is implemented in the early released software 
COSMOtherm13. 
3.3.2 COSMOtherm  
 
COSMOtherm is a COSMO-RS based software for calculating the chemical potential of solutes 
in homogeneous solvents. In COSMOtherm, the chemical potential of compound (𝑖) in the 
system (S) is computed from the integration of the σ-potential over the molecular surface of 
i: 
       𝜇𝑖
𝑆 = 𝜇𝑖
𝐶,𝑆 + ∫ 𝑝𝑖(𝜎) 𝜇𝑠𝑒𝑔(𝜎)𝑑𝜎                                                   (3.6) 
Where 𝑝𝑖(𝜎) is the probability distribution of σ for compound (𝑖) in the system, 𝜇𝑠𝑒𝑔(𝜎) is 
the chemical potential of the surface segment and 𝜇𝑖
𝐶,𝑆 is a combinatorial contribution to the 
chemical potential. The partition coefficient for the for the compound (𝑖) between two 
phases is then calculated as the ratio of its chemical potential in each phase. 
3.3.3 COSMOmic for partition coefficient calculations 
COSMOmic is an extension of COSMOtherm for calculating the chemical potential of solute 
molecule in complex fluid structures such as bilayers and micelles. The detailed molecular 
assembly of complex fluid microstructure can be derived from either experimental 
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measurements or from MD simulations. For COSMOmic, a table describing the probability 
distribution of the atoms of the complex molecular assemblies with respect to the layers is 
required as input data. Each layer is associated with the probability distribution of the atoms 
of the complex structure. The probability distribution of the atoms in each layer of the 
microscopic object corresponds to a specific σ-profile 𝑝𝑚 (𝜎, 𝑟), where 𝑚 denotes the 
microscopic object system and 𝑟 is the location of each layer in the microscopic object. 
Knowing the probability distribution, DFT calculations are computed. For micelles, the 
chemical potential of a solute molecule (𝑥) at fixed position and orientation is calculated by 
the following equation: 
𝜇𝑀
𝑥 (𝑟𝑥, 𝑑𝑥) = ∑ 𝑎𝑣, 𝜇𝑣(𝑟𝑣(𝑟
𝑥, 𝑑𝑥)) ≡𝑣∈𝑋 ∑ 𝑎𝑣, 𝜇𝑀(𝑟𝑣(𝑟
𝑥, 𝑑𝑥))𝑣∈𝑋                        (3.7) 
 
Where 𝑟𝑥 is the radial coordinate of the centre position of 𝑥, 𝑑𝑥 is the orientation of 𝑥 with 
respect to the radial vector of the micellar system, 𝑎𝑣 is the segment area and 𝑟𝑣 is the radial 
distance of each layer 𝑣 from the centre of the micelle. The overall chemical potential of the 
solute in the whole molecular assembly is then derived by integrating the partition function 
of the solute 𝑥 with respect to the centre position of each layer and all orientations: 
𝑍𝑀
𝑥 = ∑ 𝑍𝑀
𝑥 (𝑟𝑖) = ∑ ∑ 𝑒𝑥𝑝 {
−𝜇𝑀
𝑥 (𝑟𝑖,𝑑𝑗)
𝑘𝑇
}𝑚𝑗=1
𝑛
𝑖=1
𝑛
𝑖=1                                            (3.8) 
 
The probability to find the solute X in a layer i is given by: 
 
                                       𝑝𝑀
𝑋𝑥(𝑟𝑖) =
𝑍𝑀
𝑋𝑥(𝑟𝑖)
𝑍𝑀
𝑋𝑥                                                             (3.9) 
 
And the free energy profile of the solute throughout the micellar system is given by: 
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                        𝐺𝑀
𝑋𝑥 (𝑟𝑖) = −𝑘𝑇 ln 𝑝𝑀
𝑥𝑋(𝑟𝑖)                                          (3.10) 
 
3.4 Molecular dynamics (MD) simulations 
 
With the combined MD/COSMOmic and SMD/US approaches for predicting solute partition 
in complex fluids, MD simulations are used to simulate the complex microstructures of 
molecular assemblies such as micelles and emulsion droplets. In this thesis, MD simulations 
have been used to generate the solvent structures of octanol/water, mixed micelles of fatty 
acids/SLES in water and SDS/butanol/heptane droplets in water.  Those simulated 
microstructures were then input to COSMOmic, or used in the SMD/US approach, for solutes 
partition coefficient predictions. GROMACS 5.5.165 (http://www.gromacs.org/) was used for 
the MD simulations.  
3.4.1 Equation of motion 
Molecular dynamics simulation follows the dynamics of molecule ensembles in 3D by solving 
the Newton equations of motion for all atoms. Each atom of a molecule is characterized by 
its position and charge. The Newton equation of motion is solved by numerical methods such 
as the Leap-frog algorithm for each 𝑖 atom: 
𝑟𝑖(𝑡 + ∆𝑡) = 𝑟𝑖(𝑡) + Δ𝑡?̇?𝑖(𝑡 +
∆𝑡
2
)                                             (3.11) 
where 𝑟𝑖  , is the position of the 𝑖 atom in cartesian coordinates, 𝑡 is the time, Δ𝑡 is the time 
step (0.002 ps for all MD simulations performed in this thesis) and ?̇?𝑖 is the derivative of the 
position of the atom 𝑖 with respect to time (velocity). The equation of motion in cartesian 
coordinates (𝑟𝑖) is: 
                                                        𝑓𝑖 =  𝑚𝑖 ?̈?𝑖                                                                (3.12) 
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Where 𝑚𝑖 is the mass of the 𝑖 atom, ?̈?𝑖  is the second derivative of position of atom 𝑖 with 
respect to time (acceleration) and 𝑓𝑖  is the force on atom 𝑖 that is also equal to the change of 
the potential energy (𝑉) with respect to the positions: 
𝑓𝑖 =  −
𝑑𝑉(𝑟𝑖)
𝑑𝑟𝑖
                                                              (3.13) 
In the Hamiltonian form it can be written: 
?̇?𝑖 =
𝑝𝑖
𝑚𝑖
                                                                  (3.14) 
?̇?𝑖 = 𝑓𝑖                                                                   (3.15) 
Where 𝑝𝑖  denotes the momentum and ?̇?𝑖 is the momentum derivative with respect to time; 
considering equation 3.13, 3.14 and 3.15, the Hamiltonian formulation of Newton dynamics 
is expressed by the sum of the total potential energy (𝑉(𝑟𝑖)) in terms of positions and the 
total kinetic energy in term of momenta (∑
𝑝𝑖
2𝑚𝑖
𝑛
𝑖=1 ) as follow: 
                                                      𝛨(𝑟𝑖 , 𝑝𝑖) = 𝑉(𝑟𝑖) + ∑
𝑝𝑖
2𝑚𝑖
𝑛
𝑖=1                                               (3.16) 
The conservation law states that the Hamiltonian is a constant of the motion, therefore the 
total energy of the system is constant: 
                                                      
𝑑𝐻
𝑑𝑡
= 0                                                             (3.17) 
The functional form of the potential energy is computed from the force field.  
3.4.2 Force fields 
The force field describes the inter-molecular and intra-molecular potential energy as a 
function of the coordinates of particles. The mathematical functions and parameters of a 
system’s force field are derived experimentally or through quantum chemical calculations. 
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Force field functionals are system specific. One of the most widely used force field is the 
‘Additive Force Field’ of CHARMM36 66: 
𝑉 =  ∑ 𝑘𝑏(𝑏 − 𝑏0)
2 + ∑ 𝑘𝜃(𝜃 − 𝜃0 )
2 + ∑ 𝑘𝑈𝐵(𝑆 − 𝑆0)
2
𝑈𝑟𝑒𝑦−𝐵𝑟𝑎𝑑𝑙𝑒𝑦 +𝑎𝑛𝑔𝑙𝑒𝑠𝑏𝑜𝑛𝑑𝑠
∑ 𝑘𝜙[cos(𝑛𝜙 − 𝛿) + 1] + ∑ 𝑈𝐶𝑀𝐴𝑃(𝜙, 𝜓) + ∑ 𝑘𝜔(𝜙 − 𝜔0)
2
𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒𝑠 +𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙𝑠
 ∑ {
𝑞𝑖𝑞𝑗
4𝜋𝜀0𝜀𝑟𝑖𝑗
+ 𝜀𝑖𝑗
𝑚𝑖𝑛 [(
𝑅𝑖𝑗
𝑚𝑖𝑛
𝑟𝑖𝑗
)
12
− 2 (
𝑅𝑖𝑗
𝑚𝑖𝑛
𝑟𝑖𝑗
)
6
]}𝑛𝑜𝑛−𝑏𝑜𝑛𝑑𝑒𝑑 𝑝𝑎𝑖𝑟𝑠                                               (3.18) 
Equation (3.18) contains both internal and non-bonded contributions67: 
o Internal contributions include bond (𝑏), valence angle (𝜃), Urey–Bradley (𝑈𝐵 , S), 
dihedral angle (𝜙), improper angle (𝜙), and backbone torsional correction (𝐶𝑀𝐴𝑃, 𝜙, 𝜓). The 
parameters 𝑘𝑏, 𝑘𝜙 , 𝑘𝑈𝐵, 𝑘𝜃 , and 𝑘𝜔 are the respective force constants and the variables 
with the subscript “0” are the respective equilibrium values. Usually the hydrogen bonds are 
constrained to a distance of 0.35 nm.  One of the most commonly used algorithms to constrain 
bonds is the LINCS68. 
o Non-bonded contributions include Coulombic interactions between point charges 
(𝑞𝑖 and 𝑞𝑗), the Lennard–Jones (LJ) 6–12 term of the core‐core repulsion and the attractive  
van der Waals dispersion interaction. The former interactions are  ‘long-range’ and the 
Particle Mesh Ewald69 (PME) method is used.  The latter interactions are ‘short-range’ and a 
cut-off scheme (e.g the Verlet cutoff-scheme) is used. The cut-off values for both coulombic 
and van der Waals interactions are usually set in the range of 1.0 to 1.4 nanometres.  
In GROMACS, MD simulations parameters for bond constraints, as well as short and long-
range interactions and cut-off values for Coulombic and van der Waals interactions, are set in 
the parameters.mdp file (see later in the MD protocol section). Theoretically, those functional 
parameters need to be calculated and validated. Practically, the majority of molecules share 
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the same atomic groups and existing parameters can be used. Parameterization tools, such 
as the Cgenff70 (Charmm generalized force field), have been developed for deriving the 
functional parameters by analogy. 
For ionic surfactants investigated in this study, more accurate description of the electrostatic 
interactions for the ‘Polarizable Force Fields’ is required to account for the atomic 
polarization. The CHARMM Drude polarizable force field71–74 models the atomic polarizability 
through the Drude oscillator which is connected to non-hydrogen atoms by a spring. The 
atomic charge is distributed between the atom and the attached Drude particle (Drude). The 
anisotropy of the polarizability is modelled in Drude, allowing the harmonic potential relative 
to the spring connecting the Drude with the core atom to vary in space. The expression for 
the harmonic self-polarization term is: 
                                           𝑈𝑠𝑒𝑙𝑓 =  
1
2
([𝐾11
(𝐷)
]𝑑1
2 + [𝐾22
(𝐷)
]𝑑2
2 + [𝐾33
(𝐷)
]𝑑3
2)                        (3.19) 
In which 𝑈𝑠𝑒𝑙𝑓 is the harmonic self-polarization term included in the system’s potential energy 
functional;  𝑑1, 𝑑2 and 𝑑3 represent the components of the Drude-atom displacement vector 
𝑑, 𝐾11
(𝐷)
, 𝐾22
(𝐷)
, and 𝐾33
(𝐷)
 are the tensor components of the spring force constant75. 
The polarizable force field functional also includes virtual molecules that act as lone pairs. 
These molecules are located on hydrogen-bond-acceptor atoms and carry a negative charge. 
Another additional term is present in the Drude force field for the dipole-dipole interaction 
of atoms with triple bonds. The induced dipoles (not charge-dipole interactions) between 1-
2 and 1-3 atom pairs are modelled using the following equation: 
                                                   𝑆𝑖𝑗(𝑟𝑖𝑗) = 1 − [(1 +
𝑎𝑟𝑖𝑗
2(𝛼𝑖𝛼𝑗)
1/6)] 𝑒𝑥𝑝 [
−𝑎𝑟𝑖𝑗
(𝛼𝑖𝛼𝑗)
]                     (3.20) 
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In which 𝑟𝑖𝑗 is the distance between atom 𝑖 and  𝑗, 𝛼𝑖  𝛼𝑗 are atomic polarizabilities and a is 
damping constant known as Thole76 screening factor.  
3.4.3 MD simulations in different ensembles  
MD simulations can be performed in different ensembles, such as the micro-canonical (NVE) 
ensemble, the canonical (NVT) ensemble and the isothermal-isobaric (NPT) ensemble. All the 
MD simulations performed in this thesis are carried out either in the NVT ensemble, in which 
the number of particles (N), the temperature (T) and the volume of the simulation box (V) are 
kept constant; or in the NPT ensemble, in which the pressure (P) instead of the volume of the 
simulation box is kept constant. In order to keep temperature and pressure constant within 
the simulation box, the simulated system is coupled to a thermostat and to a barostat, 
respectively. Usually before performing a simulation in the NVT or in the NPT ensembles, the 
energy of the simulated system is minimized in order to avoid instabilities in the molecular 
structure of the system when performing the actual MD simulation run. 
3.4.3.1 MD simulations at constant temperature 
There are several schemes for imposing the constant temperature condition during MD 
simulations. The Nosé-Hoover Thermostat76 scheme is one of the most commonly used and 
is used in this work. 
With the Nosé-Hoover scheme, MD simulations at constant temperature are performed by 
adding a thermal reservoir and a friction term to the extended Hamiltonian equation of 
motion: 
                            𝐻𝑁𝑜𝑠é−𝐻𝑜𝑜𝑣𝑒𝑟 = ∑
𝑝𝑖
2𝑚𝑖
𝑁
𝑖=1 + 𝑈(𝑟
𝑁) +
𝑝𝜉
2
2𝑄
+ 𝑁𝑓𝑘𝑇𝜉                       (3.21) 
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Where,  𝜉 is the friction parameter, 𝑝𝜉  is the momentum associated with the friction dynamics 
and 𝑁𝑓 is the total number of degrees of freedom. The strength of the coupling to the 
thermostat is determined by the 𝑄 parameter, which in GROMACS is implemented as: 
                                                                    𝑄 =  
𝜏𝑇
2𝑇0
4𝜋2
                                                         (3.22) 
The operative parameters for controlling the temperature during the simulation are the 
coupling constant 𝜏𝑇 and thermostat temperature 𝑇0, both contained in the parameters.mdp 
file. 
3.4.3.2 MD simulations at constant pressure 
For MD simulations at constant pressure, the volume is a dynamic variable that changes 
during the simulation. Barostat is commonly used and the one used in this work is the 
Parrinello-Rahman77 Barostat: 
             𝐻𝑃𝑎𝑟𝑟𝑖𝑛𝑒𝑙𝑙𝑜−𝑅𝑎ℎ𝑚𝑎𝑛 = ∑
𝑝𝑖
2𝑚𝑖
𝑁
𝑖=1 + 𝑈(𝑟
𝑁) + 𝑃𝑉 + ∑
1
2
𝑊𝑖𝑗𝑖,𝑗 (
𝑑𝑏𝑖𝑗
𝑑𝑡
)
2
         (3.23) 
Where 𝑏𝑖𝑗 is the matrix of the box vectors in their different lengths and mutual orientations, 
𝑉 is the volume and 𝑊𝑖𝑗 is the matrix parameters that determine the strength of the pressure 
coupling. The inverse of 𝑊𝑖𝑗 is defined as: 
                                                            (𝑊𝑖𝑗
−1)
𝑖𝑗
=
4𝜋2𝛽𝑖𝑗
3𝜏𝑝
2𝐿
                                                 (3.24) 
Where the coupling constant 𝜏𝑝  and the isothermal compressibility 𝛽𝑖𝑗 are input parameters 
contained in the parameters.mdp file.  
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3.4.4 Energy minimization  
 
Once the molecular system to be simulated has been generated, energy minimization is 
required for the system to reach a specific state of pressure and temperature. The energy 
minimization is carried out by lowering the internal energy and ensuring no steric clashes or 
inappropriate geometry. Several algorithms can be used to minimize the internal energy of 
the system. Here the steepest descent algorithm is used. With the initial forces (𝐹𝑛), potential 
energy (𝑉) and initial coordinates of the system (𝑟𝑛), an initial displacement (ℎ0) is set in the 
.mdp file. The energy of the simulated system is minimized by the steepest descent algorithm 
as follow: 
                                                           𝑟𝑛+1 =  𝑟𝑛 +
𝐹𝑛
max (|𝐹𝑛|)
ℎ𝑛                                           (3.25) 
Where ℎ𝑛 is the maximum displacement and 𝐹𝑛 is the force (and the negative gradient of 𝑉) 
and max (|𝐹𝑛|) is the largest scalar force on atoms. Forces, positions and energies are 
computed iteratively until the maximum of the absolute values of the force (gradient) 
components is smaller than the required tolerance value 𝜖 specified in the .mdp file. 
3.4.4 MD simulation protocol 
 
In this study, all MD simulations are performed using GROMACS. The MD simulation 
procedure is summarized as following: 
1) Obtaining the single molecule coordinate files for each compound of the solvent 
system (water excluded): 
For each of the compounds of the solvent system (water excluded) a coordinate file 
containing the cartesian coordinates of all atoms of interest of a single molecule is 
downloaded from the PubChem website (https://pubchem.ncbi.nlm.nih.gov/).   
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2) Generating solvent molecules in the simulation box: 
The gmx insert-molecules command is used to insert molecules within a simulation box. The 
command reads the coordinate file of the single molecule and randomly inserts the molecule 
to random positions within the simulation box.  The simulation box is specified with the flag 
‘-bt’ and the box dimensions are specified with the flag ‘-box’. The random insertion process 
is repeated until the required number of molecules (to be specified with the ‘ -nmol’ flag) are 
inserted. For each random insertion, overlap with previously generated molecules is avoided. 
Alternatively, PACKMOL software (http://m3g.iqm.unicamp.br/packmol/home.shtml) allows for 
placing the molecules within a desired simulation box. The coordinates for all the inserted 
molecules are saved to the file (system.pdb).  
3) Generating the system topology of force field: 
The coordinate file of the generated system (system.pdb) is given as input to the gmx 
pdb2gmx command for selecting the force field. With the gmx pdb2gmx command, all 
additional parameters of the force field are saved in the topol.top file.  
4) Solvating the simulation system: 
The gmx solvate command is used to solvate the system. The number of water molecules to 
be used to solvate the system is specified by using the flag ‘-nmax’ command. The coordinates 
of all the inserted solvate water molecules are added to the topol.top and saved to the 
solvated_system.pdb file.   
5) Generating the simulation system: 
The solvated_system.pdb coordinate file and the file (parameters.mdp) containing the 
simulation parameters of temperature, pressure, simulation time, integrator scheme and 
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cutoff values for short range interactions,  are given as input to the gmx grompp command 
for MD simulations for both energy minimization and MD run in the NVT or NPT ensembles. 
All the required information for running the MD simulation is saved in the topol.tpr file.  
6) Simulation run: 
The simulation is run with the gmx mdrun command and once finished the final coordinates 
are saved in output.pdb. 
3.4.5 Steered molecular dynamics (SMD) combined with Umbrella Sampling (US) 
 
Steered molecular dynamics (SMD) simulations combined with umbrella sampling (US) were 
used for predicting micelle/water partition coefficients in the mixed fatty acids/SLES in water 
micellar system. Steered molecular dynamics simulation (SMD) has been developed to 
accelerate the calculation of the solute energy profile that would be otherwise taking much 
longer time with standard MD simulations78. With SMD, an external force is applied to a 
molecule, i.e. a solute molecule in this study. The free energy profile of the solute mole cule 
throughout the inhomogeneous molecular assembly of a micelle until the water phase is 
computed and consequently the free energy of transfer of the solute from the micelle to the 
water phase can be calculated. The solute molecule is constrained with a constant velocity or 
force along the ‘reaction coordinate path’. The harmonic potential and the applied force are:  
                                                                       U =
K(ξ−ξ0)
2
2
                                                    (3.26) 
                                                                 F = K(ξ0 + vt − ξ)                                                (3.27) 
Where 𝜉0 is the point at which the constraint is applied, 𝜉 is the coordinate of the final point, 
𝑈 is the harmonic potential,  𝐾 is the harmonic constant, 𝑣 is the constant velocity at which 
the point is shifted and 𝐹 is the force applied to the point. The free energy of the solute 
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molecule is sampled across the whole inhomogeneous microstructure of the micelle or 
droplet, in a much shorter time. During the pulling of the solute molecule, different 
configuration windows are generated along the reaction coordinate.  
Umbrella sampling (US), developed by Torrie and Vellau15, is used for calculating the free 
energy of a simulated system. A bias additional energy term is applied to a system to achieve 
sufficient and efficient sampling of the system space. The bias potential is applied either to a 
single configuration or several configurations of the simulation windows. The approach 
followed in this work combines SMD and US for the free energy calculation of solute. The SMD 
is employed to generate the configuration windows and the US bias potential is used to 
perform MD simulations in each of the selected windows. The effect of the bias potential 𝑈𝑖  
on the window 𝑖 is to connect energetically separated region in space along the reaction 
coordinate: 
                ∆Gi = −
1
β
ln Pi
u(ξ) − Ui (ξ) +  Fi                                              (3.28) 
Where ∆Gi is the free energy of the window 𝑖, Pi
u(ξ) is the distribution of the unbiased free 
energy and Fi is the free energy associated to the biasing potential Ui (ξ). 
The harmonic functional of the biasing potential is chosen in this work in accordance with the 
one of the SMD: 
𝑈𝑖(𝜉) =
𝐾(𝜉−𝜉𝑖)
2
2
                                                          (3.29) 
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The 𝐹𝑖  values of the biasing potential are connected with the ∆𝐺𝑖  of each window and the 
distribution for the total ∆𝐺 is a weighted average of the distribution of the individual 
windows: 
𝑃𝑢(𝜉) = ∑ 𝑝𝑖(𝜉)𝑃𝑖
𝑢(𝜉)𝑛𝑖                                                    (3.30) 
The weights need to satisfy the minimum statistical error criteria, hence: 
                                                                 
𝜕𝜎2(𝑃𝑢)
𝜕𝑝𝑖
= 0                                                              (3.31) 
The 𝐹𝑖  of each window is calculated by weighted histogram analysis method (WHAM) 79,80:   
                                                Fi = −
1
β
ln{∑ P u(ξ)exp[−Ui (ξ)]Nbins }                                       (3.32) 
Equations 3.32 and 3.31 are solved iteratively. From the computed free energy profile, the 
free energy for the transfer of the solute from the micelle to the water phase (∆Gtransf) is 
calculated and consequently the solute partition coefficient is derived as: 
     Log Kmic/w = 
∆Gtransf
−2.303RT
                                                 (3.33) 
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4 COMPARISON OF COMBINED MD/COSMOMIC WITH OTHER 
METHODS FOR K O/W 
 
4.1 Introduction 
In this chapter we test for the first time the performance of the MD/COSMOmic method for 
the prediction of the octanol/water (K o/w) partition coefficient. The performance of the 
MD/COSMOmic approach is compared to the predictions of UNIFAC, EPI Suite TM, and 
COSMOtherm. Experimentally measured octanol/water partition coefficients are taken from 
the published literature and all the models are validated against the experimental data. The 
assumption is that if the predictive accuracy of the combined MD/COSMOmic method is 
validated against other methods, it can then be explored as a general approach for predicting 
solute partition in more complex microstructures of multiphase fluid systems such as micelles 
and microemulsions.   
4.2 Database of octanol-water partition coefficients  
Experimental data of the octanol-water partition coefficients (designated as K o/w) for 78 
chemical compounds were taken from the published literature 81. The selected dataset 
includes several classes of small organic molecules, including alkanes, alcohols, ketones, 
aromatics, polyaromatics, aldehydes, amides, carboxylic acids and phenols. These selected 
molecules cover a wide range of K o/w values, from -0.77 for methanol to 4.88 for pyrene. Table 
8.1 (in the Appendix) lists the selected chemical compounds and their experimental values of 
octanol-water partition coefficients.  
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4.3 Simulations details 
 
4.3.1 The prediction of K o/w using EPI Suite TM  
 
The most recent version of EPI Suite TM software  (https://www.epidata.dk/) in which  
coefficients for individual fragments and groups are derived by multiple regression of 2447 
experimentally measured log K o/w values,  is used for calculating the octanol-water partition 
coefficients of the 78 chemicals.  
4.3.2 The prediction of K o/w using UNIFAC  
 
The calculations of K o/w for the 78 solutes were performed using parameters of UNIFAC 
developed by Fredenslund46.  
4.3.3 The prediction of K o/w using COSMOtherm  
 
In this chapter, all the quantum chemical calculations for solute molecules that are not 
included in the COSMOtherm database, for both COSMOtherm and COSMOmic approach, are 
carried out in Turbomole82 (http://www.turbomole.com/), using the density functional theory 
(DFT) with the Becke-Perdew82 (BP) functional, the triple-zeta valence polarization83,84 (TZVP) 
basis set and the resolution of identity (RI) approximation. For molecules that are not in the 
standard COSMOtherm database, their conformers are obtained from COSMOconf 
(http://www.cosmologic.de) version 3.0 and a full geometry optimization was performed for 
each conformer. 
Chemical potentials of solutes in water (𝜇𝑖
𝑤) and in octanol (𝜇𝑖
𝑜) phases are calculated using 
COSMOtherm to obtain octanol-water partition coefficients as follows: 
log10 (𝐾𝑖,𝑜/𝑤) =  (𝜇𝑖
𝑜 − 𝜇𝑖
𝑤) 𝑅𝑇 ln(10) + log10 (𝑉𝑄)⁄                                                    (4.1) 
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where R is gas constant, T is temperature in K, the solvent phase volume quotient 𝑉𝑄 =
𝑉𝑜
𝑉𝑤
  
, 𝑉𝑜 and 𝑉𝑤 are the molar volumes of octanol and water. 
4.3.4 The prediction of K o/w using MD/COSMOmic  
To predict octanol water partition coefficients of the selected solute database, MD 
simulations have been carried out to obtain phase separated octanol in water planar slab 
using GROMACS 5.1.165,85.  Two systems have been simulated. For the first system, 50 octanol 
molecules were randomly placed in a periodic cubic lattice of 5×5×5 nm3 with 2000 water 
molecules to solvate the octanol molecules. This system is denoted as the “small” system. The 
CHARMM3666 force field was used for octanol molecules and the TIP3P86 force field was 
employed for water molecules. The system was relaxed in order to minimize the internal 
energy with the steepest descent algorithm implemented in GROMACS. After the energy 
minimization step, a short simulation of 300 ps was carried out in the NVT ensemble. The 
Nose-Hoover87 thermostat with a coupling constant of 𝜏𝑡 = 1 𝑝𝑠 was used for maintaining 
the temperature at 𝑇 = 298.25 𝐾 . The Verlet88 scheme was employed and the short-range 
electrostatic cut-off and the short-range van der Waals cut-off were set at 1.0 nm. Finally,  
further simulation was run in the NPT ensemble for 100 ns with the coordinates saved in every 
100 ps. The Nose-Hoover thermostat with a coupling constant of 𝜏𝑡 = 1 𝑝𝑠 was used for 
maintaining the temperature at a constant value of 𝑇 = 298.25 𝐾. The Parrinello-Rahman77 
barostat with a coupling constant of 𝜏𝑝 = 1 𝑝𝑠 was used for maintaining a constant pressure 
at 𝑃 = 1 𝑏𝑎𝑟 . As the simulation proceeded, the density of the system stayed essentially at a 
constant value of 980 kg/m3 for all the simulation time. 
The second system considers 512 octanol molecules and 2000 water molecules in a 5 nm x 5 
nm x 7 nm periodic parallelepipedal box and is denoted as the “large” system. MD simulations 
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were started from a pre-assembled configuration obtained using the PACKMOL89 software to 
place the molecules in the designated box. The same simulation protocol of the small system 
was used for the large system and the final MD simulation was run for 40 ns in the NPT 
ensemble.  
Both simulations resulted in the formation of a phase separated planar slab of octanol. For 
each simulated system, two configurations of the octanol slab are extracted and input into 
COSMOmic. With the first configuration, referred as “wet”, water molecules at the interface 
between octanol and water phases were included. With the second configuration, referred 
as “dry”, water molecules at the interface were removed.  
In the case of a wet system, the equation implemented in the COSMOmic software for 
calculating the partition coefficient of a solute (i) between the  extracted octanol slab and 
water, Ki, o/w, is as follows: 
              𝐾𝑖 ,𝑜/𝑤 =
∑ (𝑝𝑖(𝑟𝑗)−𝑝𝑖(𝑟𝑛)
𝑛𝑤(𝑟𝑗)
𝑛𝑤(𝑟𝑛)
)𝑛 𝑗
𝑛𝑔
𝑤
𝑛𝑤(𝑟𝑛)
𝑝𝑖(𝑟𝑛)
                                                           (4.2) 
where 𝑝𝑖(𝑟𝑗) represents the probability to find the solute (i) in the octanol layer (j), 𝑝𝑖(𝑟𝑛) is 
the probability to find the solute (i) in the last water layer (n). 𝑛𝑤(𝑟𝑗) is the number of water 
molecules in layer (j), 𝑛𝑤(𝑟𝑛) is the number of water molecules in the last layer and 𝑛𝑔
𝑤 is the 
number of water molecules in the whole system.  
For the dry system, the octanol/water partition coefficients, in (mol/mol) units, for each 
solute (i), was computed as: 
   
                                             𝐾𝑖,𝑜/𝑤 =
∑ 𝑝𝑖(𝑟𝑗)
𝑛 
𝑗
𝑝𝑖(𝑟𝑛)
                                                                            (4.3)                                                                                                                 
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In Equation (4.3), ∑ 𝑝𝑖(𝑟𝑗)
𝑛 
𝑗  is the summation of the probabilities to find the solute i in the 
octanol phase, extended to all octanol layers  and 𝑝𝑖(𝑟𝑛) is the probability to find the solute i 
in the last pure water layer.  
4.4 Results and discussions  
4.4.1 MD Simulation of octanol/water system 
The final configuration from the MD simulation showed a phase separated slab of octanol 
molecules sandwiched between water molecules. The phase separated configurations of 
octanol slab in between water molecules are shown in Figure 4.1(a) and Figure 4.1(b) for the 
small and the large system. These are the wet configurations with water molecules in the slab 
included. The corresponding dry configurations with water molecules in the slabs removed 
are shown in Figure 4.2 (a) and (b) for the small and large systems respectively. By excluding 
water molecules from the octanol phase, the solubility of water at the diffusive interface and 
in the octanol bulk phase is not taken into account. 
 
  
                                    (a)                                                                               (b) 
Figure 4-1: Extracted wet configuration of phase separated octanol slab sandwiched in between water 
molecules. Octanol molecules are represented in red and water molecules in cyan: (a) the small system 
of a slab of 47 octanol molecules (b) the large system of a slab of 512 octanol molecules.  
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                                           (a)                                                                             (b) 
Figure 4-2: Extracted dry configuration of phase separated octanol slab, with water molecules 
removed from the octanol slab. Octanol molecules are represented in red and water molecules in 
cyan: (a) the small system of a slab of 47 octanol molecules (b) the large system of a slab of 512 octanol 
molecules. 
 
The density profiles of octanol and water, for the two phases separated systems, are shown 
in Figure 4.3. For the small system, there are 78 water molecules and 47 octanol molecules in 
the octanol slab, yielding a solubility value for water in octanol of 0.56 mol/mol that is double 
the experimentally determined value (0.27 mol/mol) by Lang90. This is due to the high number 
of water molecules at the diffusive interface. For the large system of 512 octanol molecules, 
there are 200 water molecules contained in the octanol slab, this yields a value of the 
solubility of water in octanol of 0.28 mol/mol, which is close to the experimentally determined 
value. 
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Figure 4-3: Density profile of octanol (black solid line) and water (dashed black line) across the 
extracted octanol slab: (a) small system of 47 octanol molecules and 2000 water molecules (b) large 
system of 512 octanol molecules and 2000 water molecules.  
 
4.4.2 Prediction of Partition coefficients  
The prediction of each model has been compared with the experimental data contained in 
Table 8-1 in Appendix. The prediction accuracy of each model is evaluated using the root 
mean square error (RMSE) defined as: 𝑅𝑀𝑆𝐸 =  √
1
𝑛
∑ (𝑙𝑜𝑔𝐾𝑜 𝑤⁄ ,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑙𝑜𝑔𝐾𝑜 𝑤⁄ ,𝑒𝑥𝑝)
𝑛
𝑖=1  
, where 𝑙𝑜𝑔𝐾𝑜 𝑤⁄ ,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is the logarithmic of the predicted K o/w,  𝑙𝑜𝑔𝐾𝑜 𝑤⁄ ,𝑒𝑥𝑝 is the 
logarithmic of the experimental value of K o/w and 𝑛 is the number of compounds in the 
analyzed dataset. 
4.4.2.1 Prediction by EPI suite TM  
Figure 4.4 compares EPI suite TM prediction of octanol/water partition coefficients with the 
experimental data listed in Table 8.1 of the Appendix section. In Figure 4.4, the central solid 
diagonal line represents a perfect agreement between experimental and predicted values. 
The two side dotted diagonals up and below the solid diagonal line represent a ± 0.5 
discrepancy from the central diagonal line in the logarithmic scale. The central diagonal line 
and the two side diagonal lines are used to allow the examination of how well (or bad) the 
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predicted values of the partition coefficients compare with the experimental values. The 
predicted o/w partition coefficients by EPI suite TM agreed well with the experimental data. 
This is indicated by a low RMSE = 0.23 and the fact that all the data points fall within the two 
side diagonal lines.  The prediction of the EPI suite TM model appears to be accurate for both 
hydrophilic compounds (low values of log K o/w) and hydrophobic compounds (high values of 
K o/w) of all the selected chemical compound classes.   
 
 
Figure 4-4: Comparison of EPI suite TM prediction with experimental data of octanol-water 
partition coefficients. RMSE =  √
1
n
∑ (log𝐾𝑜 𝑤⁄ ,𝐸𝑃𝐼𝑠𝑢𝑖𝑡𝑒 − log𝐾𝑜 𝑤⁄ ,𝑒𝑥𝑝)
n
i=1 = 0.23.  
 
4.4.2.2 Prediction by UNIFAC 
Figure 4.5 compares the UNIFAC prediction of octanol/water partition coefficients with the 
experimental data. The UNIFAC model gives a relatively high RMSE = 0.91. For most of the 
polyaromatics, alcohols, and carboxylic acids, the prediction of UNIFAC is within 0.5 of 
logarithmic unit, indicating a good match between the predicted and experimental results.  
However, there are a good number of data points diverted from the central line. In particular, 
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major under-predictions from UNIFAC occurred for some substituted aromatics, phenols, 
alkanes, and amides. For these compounds, the under-prediction exceeded the average 
logarithmic unit of 0.5, and the data fall out of the side diagonal lines.  
 
Figure 4-5: Comparison of UNIFAC prediction with experimental data of octanol-water 
partition coefficients. RMSE =  √
1
n
∑ (log𝐾𝑜 𝑤⁄ ,𝐸𝑃𝐼𝑠𝑢𝑖𝑡𝑒 − log𝐾𝑜 𝑤⁄ ,𝑒𝑥𝑝)
n
i=1 = 0.91.  
 
4.4.2.3 Prediction by COSMOtherm 
 
Figure 4.6 shows the comparison between the COSMOtherm prediction and the experimental 
data of octanol-water partition coefficients log K o/w. The prediction has a RMSE = 0.42, which 
is somewhat less accurate than the prediction of EPI Suite TM, but much more accurate than 
that of UNIFAC. The COSMOtherm model under-predicts the octanol-water partition 
coefficients for the compounds containing aldehyde groups (vanillin, ethyl-vanllin, 4-
hydrozibenzaldehyde) and polyaromatics molecules (phenanthrene, fluoranthene, pyrene), 
which fall out of the 0.5 diagonal line, as shown in Figure 4.6.  
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Figure 4-6: Comparison of COSMOtherm prediction with experimental data of octanol-water partition 
coefficients. 𝑅𝑀𝑆𝐸 =  √
1
𝑛
∑ (𝑙𝑜𝑔𝐾𝑜 𝑤⁄ ,𝐶𝑂𝑆𝑀𝑂𝑡ℎ𝑒𝑟𝑚 − 𝑙𝑜𝑔𝐾𝑜 𝑤⁄ ,𝑒𝑥𝑝)
𝑛
𝑖=1 = 0.42. 
 
4.4.2.4 Prediction by the combined MD/COSMOmic approach 
 
COSMOmic prediction of octanol-water partition coefficients have been performed for the 
two different configurations of the extracted octanol slabs. The first prediction, referred as 
the wet case, was performed using the slab including water molecules in the octanol phase 
(as shown in Figure 4.1).  The second prediction, referred as the dry case, was performed 
using the slab with octanol molecules only (water molecules at the octanol-water interface 
were removed) (as shown in Figure 4.2).  
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Figure 4-7: Comparison of octanol-water partition coefficients predicted by COSMOmic (wet) using 
the MD simulated wet slab of octanol against the experimental data. RMSE = 0.38 for the large slab 
(a) RMSE = 0.41 for the small slab (b). 
Figure 4.7 shows the octanol-water partition coefficients predicted by COSMOmic using the 
wet slab of octanol against the experimental data. The prediction of COSMOmic resulted in a 
RMSE = 0.38 for the large system and a RMSE = 0.41 for the small system. The prediction of 
COSMOmic using MD simulated wet slab has similar accuracy of the COSMOtherm and is 
more accurate than UNIFAC.  The use of the wet slab slightly overpredicts the  octanol-water 
partition coefficients of alcohols and ketones, with an average error close to 0.5 in the 
logarithmic scale. This is to be expected, since alcohols and ketones are relatively hydrophilic 
compounds.  With the inclusion of water molecules in the octanol slab (at the octanol-water 
interface), the partition of hydrophilic compounds is likely to be overpredicted, although 
overpredictions are less significant for the large system in which fewer water molecules 
solubilize in the water phase. Conversely, inclusion of water molecules in the octanol slab will 
lead to some under-prediction of highly hydrophobic solutes.  This is indeed the case for 
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polyaromatics solutes (log K o/w higher than 4). Their octanol-water partition coefficients are 
slightly underpredicted by COSMOmic when the wet slab is used.   
Figure 4.8 shows the comparison between COSMOmic prediction of the dry slab of octanol 
with experimental data of octanol-water partition coefficients. COSMOmic prediction using 
the dry slab of MD simulated octanol assembly has a slightly improved accuracy, as indicated 
by a RMSE = 0.38 for the small system and a RMSE = 0.33 for the large system. The improved 
accuracy achieved with the large system is probably due to the fact that a higher number of 
octanol molecules is more statistically representative of the octanol bulk phase. All the data 
points fall within the two ±0.5 diagonal lines. The prediction of the COSMOmic using the dry 
octanol slab outperformed that using the web slab and is only secondary to EPI Suite TM. 
Overall, the use of dry octanol molecular assembly generated more accurate prediction of log 
K o/w, particularly improving the prediction for hydrophilic solutes, such as alcohols, that were 
slightly overpredicted when the wet molecular assembly was used. 
     
Figure 4-8: Comparison of MD/COSMOmic prediction of octanol/water partition coefficients using MD 
simulated dry octanol slab with experimental data.(a) small system of 50 octanol molecules  RMSE =
 √
1
n
∑ (logKo/w,COSMOmic − logKo w,exp⁄ )ni=1 = 0.38. (b) large system of 512 octanol molecules, RMSE 
= 0.33. 
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The prediction performances (indicated by RMSE) and the applicability of different methods 
are summarized in Table 4.1. 
 
Table 4.1: Summary of predictions performance and main features of the five analyzed 
methods. 
 
                                                                                                                                                                                                
4.5 Conclusions 
 
Among the four models tested, the EPI suite TM model gives the best prediction of the 
octanol/water partition coefficient K o/w for all the selected chemicals.  This is not surprising 
since this model has been developed on purpose for octanol/water partition coefficients K o/w 
and has been validated using a wide range of experimental data. Despite the high prediction 
accuracy of the EPI suite TM model for K o/w, this method is limited to octanol/water system 
only and cannot be used for other solvent systems and complex structures of multiphase 
Prediction model RMSE Chemicals range applicability 
EPI 0.23 Octanol/water system 
UNIFAC 0.91 
All chemicals for which UNIFAC parameters 
have been validated 
COSMOtherm 0.42 
All chemicals for which DFT calculations 
can be performed. 
MD/COSMOmic 
(wet) 
0.41 (small system) 
0.38 (large system) 
All chemicals available for selected force 
field and for which DFT calculations can be 
performed. 
MD/COSMOmic (dry) 
0.38 (small system) 
0.33 (large system) 
All chemicals available for selected force 
field and for which DFT can be performed. 
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fluids. UNIFAC method turned out to be the least accurate in predicting K o/w. This method can 
predict partition coefficients for diverse bi-phasic systems but not for complex structures of 
multiphase fluids. It is also limited by the number of groups that can be parametrized in 
UNIFAC. COSMOtherm provides moderate accuracy of prediction for the selected dataset. 
The method can be applied to a wide range of chemical solvent mixtures and the 
computational speed to perform the prediction is relatively fast (in the order of minutes 
including time for quantum chemical calculations). However, the COSMOtherm model does 
not apply to inhomogeneous complex structures of molecular assemblies such as micelles, 
emulsions and dispersions. The MD/COSMOmic is robust for predicting solute partition in 
complex molecular assemblies of complex multiphase fluids. The prediction accuracy of 
combined MD with COSMOmic outperformed COSMOtherm and is comparable to that of EPI 
Suite TM. In the following chapters, the combined MD/COSMOmic method is further applied 
to predict solute partition in oil-in-water microemulsion and surfactant systems. The 
prediction accuracy of the MD/COSMOmic for those two complex microstructures has been 
evaluated using published experimental data.     
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5 PREDICTION OF SOLUTE PARTITION COEFFICIENTS IN 
SDS/BUTANOL/HEPTANE IN WATER MICROEMULSION 
 
5.1 Introduction 
 
In this chapter, we extend the application of the combined MD/COSMOmic approach to 
investigate the partition coefficients of solutes in an emulsion formed by heptane, butanol 
and sodium dodecyl sulfate (SDS) in water solution. This is the first time that the combined 
MD/COSMOmic approach is applied for predicting solute partitioning in complex structures 
such as oil in water microemulsions. Using MD simulations, self-assembled oil droplets in 
water were obtained. The structure of the assembled droplets is then analysed and its 
properties such as eccentricity, accessible surface area and radius of the droplet are 
calculated. Subsequently, the partition coefficients of 14 chemicals between the oil droplet 
and the water phase are predicted using COSMOmic. Finally, the predictive model is validated 
by comparing the predicted partition coefficients with available experimental data from 
Ishihama et al9.  
5.2 Experimental dataset for partition coefficients 
 
Experimental data for the solutes partition coefficients in a heptane/butanol/SDS in water 
microemulsion were derived from the work by Ishihama et al.9 who used microemulsion 
electrokinetic chromatography (MEEKC) to measure the retention factor of a number of 
solutes in the heptane/butanol/SDS/water microemulsion at pH = 7 and at T = 298.15 K. The 
measurements were carried out following the guideline of Abraham et al91. The 
microemulsion contains 1.44% (w/w) SDS, 6.49% (w/w) butanol and 0.82% (w/w) heptane. By 
using the phase diagrams from the work of Van Nieuwkoop et al.92, where the phase 
behaviour of the SDS/butanol/heptane/water system was studied, it can be confirmed that 
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oil in water microemulsions are formed at the above concentrations. The 3D phase diagram 
of Figure 5.1 shows that for the above concentrations of SDS, butanol and heptane in water, 
the considered formulation falls in the region of oil in water microemulsion, which is the 
smallest hatched region in the far right side of the diagram, highlighted with the red asterisk.  
 
Figure 5-1: 3D phase diagram for the SDS, butanol, heptane and water quaternary system (phase 
diagram from the work of Van Nieuwkoop et al.92).      
  
From the measured retention factor of 14 solute molecules contained in the microemulsion, 
Ishihama et al.9  derived the experimental values of enthalpy ∆Htransf  and entropy ∆Stransf  
for the transfer of 14 solutes from the water phase to the droplet phase (Table 5.1). Using 
equation (5.1), we can calculate the Gibbs free energy of transfer (∆Gtransf) and derive the 
logarithm of the solute partition coefficient between the droplet phase and the water phase 
(K droplet/w) using the following equations. 
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                                                 ∆Gtransf = ∆Htransf − T∆Stransf                                                (5.1) 
                                                Log (Kdroplet/w) =
∆Gtransf
−2.303RT
                               (5.2)     
Additionally, available experimental values of heptane/water partition coefficients for the 
considered solutes dataset were collected from the work of Abraham et al.93 (Table 5.1). 
These experimental values allow us for a comparison between droplet/water and 
heptane/water partition coefficients to unveil the different partitioning behaviour of the 14 
solutes in these two solvent systems.  
  
Table 5.1: Enthalpy (ΔH transf), Entropy (ΔS transf) and calculated Gibbs free energy (ΔG  transf) and 
droplet/water partition coefficients of 14 solute chemicals in heptane/butanol/SDS in water 
microemulsion.   
Solutes 
ΔH transf 
(Joule/mol) 
ΔS transf 
(Joule/mol*K) 
ΔG transf 
(Joule/mol) 
Log K droplet/w 
(mol/mol)* 
Log K heptane/w 
(mol/mol)** 
resorcinol -4300 5.4 -5909 1.03 -3.18 
p-methoxyphenol -5000 8.6 -7563 1.32 n.a. 
phenol -4800 10.7 -7989 1.40 -0.01 
p-nitroaniline -9300 -3 -8406 1.47 -0.29 
nitrobenzene -3100 22.3 -9745 1.71 2.36 
o-cresol -8900 3 -9794 1.72 0.99 
m-cresol -8200 6.3 -10077 1.77 0.55 
p-cresol -8800 4.1 -10022 1.77 0.71 
p-nitroanisole -8300 8 -10684 1.87 n.a. 
p-chlorophenol -14400 -6.9 -12344 2.16 0.52 
p-ethylphenol -11900 2.1 -12526 2.19 1.15 
2-naphthol -16500 -9.5 -13669 2.39 1.22 
toluene -12400 3.9 -13562 2.38 3.76 
p-propylphenol -15200 -1.5 -14753 2.59 1.77 
*Data reproduced from Ishihama et al.4 Experimental values for the heptane/water partition 
coefficients.  
**Data collected from Abraham et al93. 
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5.3 Simulations details 
 
5.3.1 Molecular dynamics (MD) simulation 
 
The starting configuration of heptane, butanol and SDS molecules for MD simulations was 
generated through the PACKMOL-18.169 (http://www.ime.unicamp.br/~martinez/packmol) 
package94. The PACKMOL software allows for placing the molecules within a desired 
simulation box. 26 SDS molecules, 449 butanol molecules and 41 heptane molecules were 
randomly placed by PACKMOL in a 4 nm × 4 nm × 4 nm periodic box. The system was then 
solvated with 21607 water molecules and the box volume was increased to 8 nm × 8 nm × 8 
nm to contain the water molecules. 26 sodium counter-ions were added to neutralize the SDS 
charged molecules for ensuring the electro-neutrality of the whole molecular system. The 
number of molecules for the four components matched the microemulsion composition of 
1.44% w/w SDS, 6.49% w/w n-butanol, 0.82% w/w n-heptane and 91.25% w/w water as 
reported by Ishihama et al.9 Using the PACKMOL generated configuration, MD simulations 
have been performed using GROMACS 5.1.165 (ftp://ftp.gromacs.org/pub/gromacs/gromacs-
5.1.1.tar.gz). The CGenFF70 software was used for including the atomic structure and atom 
connections in the CHARMM36 force field library for butanol. The system was relaxed in order 
to minimize the internal energy with the steepest descent algorithm implemented in 
GROMACS. After the energy minimization step, a short simulation of 600 ps was carried out 
in the NVT ensemble. The Nose-Hoover87 thermostat with a coupling constant of τt = 1 ps 
was used for maintaining the temperature at a constant value of  T = 298.25 K. The leap-
frog integrator was used for the integration of the equation of  motion. The Verlet cutoff 
scheme was employed and the short-range electrostatic cutoff and the short-range van der 
Waals cutoff were set at 1.2 nm. The Particle Mesh Ewald method69,95 was used for the long-
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ranged electrostatic interactions; whilst long range dispersion corrections for energy and 
pressure were applied. The LINCS algorithm96 was used for constraining the bonds of 
hydrogens. The final simulation was run in the NPT ensemble for 40 ns whilst the coordinates 
were saved in every 100 ps. The Nose-Hoover thermostat with a coupling constant of τt =
1 ps was used for maintaining the temperature at a constant value of T = 298.25 K and the 
Parrinello-Rahman77 barostat with a coupling constant of 𝜏𝑝 = 1 𝑝𝑠  was used for maintaining 
the pressure at a constant value of P = 1 bar. At the end of the 40 ns run, the density of the 
system reached 995.435 Kg/m3 and a spherical droplet of heptane with SDS surfactants and 
butanol cosurfactants in water is formed. 
MD simulations have also been performed for a bigger system by doubling the number of 
molecules (52 SDS, 898 butanol, 82 heptane and 43214 water), with the aim of investigating 
the droplet size effect.  This system is referred as the “big” system, whilst the system of 26 
SDS, 449 butanol, 41 heptane and 21607 water molecules, is referred as the “small” system. 
The starting configuration for the big system was chosen such that heptane SDS and butanol 
were initially placed in a spherical region of the simulation box to speed up the simulation 
time, after considering the spherical assembly obtained with the first MD simulation of the 
small system. In this big system, PACKMOL was used for placing heptane molecules within a 
sphere of 30 Å radius and butanol and SDS molecules within a spherical shell of 25 Å  to 50 Å 
of the same centre. The generated heptane, SDS and butanol molecules were then inserted 
in a cubical box of 12 nm × 12 nm × 12 nm and water molecules were added. 52 sodium 
counterions were added to neutralize the SDS charged molecules for ensuring the electro -
neutrality of the whole molecular system. The energy minimization and equilibration steps, 
as well as the production run of 40 ns were subsequently performed, following the same 
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procedures used for the small system. At the end of the 40 ns run, the density of the system 
was found to be at 998.121 Kg/m3 and a spherical droplet containing the 
SDS/butanol/heptane molecules surrounded by water molecules was formed. 
The self-assembled heptane/SDS/butanol droplets of both the small and big systems formed 
at the end of MD simulations were extracted together with a thin shell of water molecules, 
using an in-house code written in Biopython97 package. Figure 5.2 (a) and (b) show the droplet 
in water for the small system and the big system respectively. The molecular structure of the 
droplet in water is then fed into COSMOmic for calculating solute partition coefficients 
between droplet and water.  
5.3.2 COSMOmic 
 
In this chapter, 𝜎𝑖 values for both solute and microemulsion molecules (water, heptane, 
butanol and SDS), were computed using the density functional theory (DFT). The Becke -
Perdew98,99 (BP) functional, the triple-zeta valence polarization100,101 (TZVP) basis set and the 
resolution of identity83 (RI) approximation were selected. Quantum chemical calculations of 
all solute molecules were carried out using Turbomole 7.3102 package.  
The molecular structure of the MD simulated droplets and adjacent shell of water molecules, 
as shown in Figures 5.2 (a) and (b), were input to COSMOmic to derive the partition 
coefficients of solutes. In COSMOmic, the spherical droplets along with the water shell were 
discretized into 30 layers along the radius and the last layer was exclusively composed of 
water molecules. Jakobtorweihen et al.103 showed the COSMOmic predictions are unaffected 
by the layer size as long as the size is less than 0.2 nm.  
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a b  
Figure 5-2: MD simulated heptane/butanol/SDS droplets surrounded by water molecules for (a) the 
small system and (b) the big system. Water molecules are colored in ice-blue, butanol molecules in 
yellow, SDS molecules in green and heptane molecules in red. 
 
5.4 Results and Discussion 
5.4.1 The droplet characteristics 
5.4.1.1 The size and shape of the droplet 
 
The heptane/butanol/SDS in water droplets obtained after 40 ns of MD simulation are shown 
in Figure 5.2 for the small system (a) and big system (b). Subsequently, the corresponding 
density profiles of water, heptane, butanol and SDS molecules relative to the centre of mass 
(COM) are calculated and shown in Figure 5.3(a) and (b). For the small system, the density 
profiles of all the droplet phase components start to approach zero at radius higher than 25 
Å , as shown in Figure 5.3 (a). Within this radius, 25 SDS molecules, 41 heptane molecules and 
169 butanol molecules are included. For the big system, the density profiles of SDS, heptane 
and butanol start to approach zero at radius higher than 32 Å, as shown in Figure 5.3 (b). 
Within this radius, 37 SDS molecules, 64 heptane molecules and 264 butanol molecules are 
included.  The point at which the water density profile intersects with the butanol density 
profile is found to be at r droplet = 25 Å  for the small system and r droplet = 32 Å , for the 
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big systems.  Thus, these are chosen as the radius of the droplets. Additionally, the radius of 
gyration for the SDS molecules in the droplets was computed in order to evaluate the mean 
radius of the SDS molecule assembly, following the criteria suggested by Bogusz et al.104 
Rsds =  √5 3⁄ Rgyration                    (5.3) 
The value of R sds can be used to estimate the droplet radius, assuming that butanol molecules 
at the droplet/water interface are located at a similar distance to the COM as the SDS ones. 
The calculated values of R sds = 25.3 Å for the small system and R sds = 32.5 Å for the big one, 
are in good agreement with the selected droplet radii of 25 Å and 32 Å.  Similar droplets radii 
were found in a recent study on Soybean oil/Tween 80 in water microemulsion by 
Moghaddasi et al.105  
Figure 5.4 (a) shows the number of butanol molecules within 25 Å radius of the droplet COM 
as a function of the simulation time, for the small system. At the beginning of the MD 
simulations, all butanol molecules were placed within a 40 Å × 40 Å × 40 Å box. As the 
simulation proceeded, the number of butanol molecules within the 25 Å radius rapidly 
decreased in the first 5 ns, showing some butanol molecules diffused out and away from the 
region. The average number of butanol molecules within the 25 Å radius of the droplet 
remained at around 169, as the simulation time further increased. Figure 5.4 (b) shows the 
number of butanol molecules within the radius of 32 Å from the COM for the big droplet. A t 
the beginning of the MD simulation all butanol molecules were placed within a spherical shell 
of 25 Å to 50 Å radii. As the simulation proceeded the number of butanol molecules within 32 
Å radius rapidly increased in the first 5 ns, showing some butanol molecules diffusing 
outwards towards the interface of the droplet and bulk water. The average number of butanol 
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molecules within the 32 Å radius remained constant at around 264 molecules for the rest of 
the simulation. This shows how the droplet assemble is independent of the starting 
configuration. Similar values for the number of butanol molecules in a quaternary oil-in-water 
microemulsion were found by Lang et al.106 With the small system, by subtracting the 169 
molecules in the droplet from the total 449 butanol molecules in the system, one can infer 
the number of the butanol molecules in the bulk water phase to be 280. The concentration 
of the 280 butanol molecules in the surrounding bulk phase of the 21119 water molecules 
was calculated to be 𝑐𝑏𝑢𝑡= 0.055g/g. Similarly, for the big system, a total of 634 butanol 
molecules are in the bulk water phase and accordingly the concentration of butanol in water 
is equal to 𝑐𝑏𝑢𝑡= 0.060g/g.  These values are comparable to the experimentally determined 
butanol solubility of 0.077 g/g107  indicating that the water bulk phase is close to be  saturated 
with butanol. The slightly lower butanol concentration in the bulk water could be caused by 
over counted water molecules near the interface.  
 
Figure 5-3:  MD simulated density profiles for SDS (dashed and dotted line), butanol (dashed line), 
heptane (dotted line) and water (solid line) to COM, for (a) the small system and (b) the big system. 
Vertical solid lines indicate the droplets radii.  
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Figure 5-4: Evolution of the number of butanol molecules within the simulated droplets of 25 Å radius 
for the small system (a), and of 32 Å radius for the big system (b). The dotted line shows the average 
number of butanol molecules within the selected radii, along the simulation time.  
 
The shape of the droplet can be analysed by considering the eccentricity ( e) defined as 
follows: 
                                                  𝑒 = 1 − 
𝐼𝑚𝑖𝑛
𝐼𝑎𝑣𝑔
                                                                  (5.4) 
where 𝐼𝑚𝑖𝑛 is the principal moment of inertia with the smallest magnitude and 𝐼𝑎𝑣𝑔 is the 
average of the three moment of inertia. The eccentricity value is related to the asymmetry of 
the formed droplet. In the case of e = 0, the droplet is a perfect sphere; values greater than 0 
indicate a deviation from the spherical shape. The shape of the formed SDS/butanol/heptane 
in water droplet as a function of the MD simulation time is shown in Figure 5.5 (a) for the 
small system. The average value of eccentricity along the simulation time as represented by 
the dotted line in Figure 5.5(a) was found to be e = 0.121.  For the big system, the eccentricity 
profile of the droplet along the simulation time is given in Figure 5.5 (b). In this case, the 
average value is found to be equal to 0.356. Luft et al.60 reported that for a 
rhamnolipid/decane oil in water microemulsion, the oil/surfactant ratio affects the droplet 
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shape. In particular, droplets with a higher oil/surfactant ratio are characterized by a more 
oblate shape. In our case the heptane/SDS ratio for the big and the small systems are 1.73 
and 1.64 respectively, suggesting the shape of the big system is more oblate (e = 0.356) than 
the small system (e = 0.121). This agrees with the finding of Luft et al. 60 
 
Figure 5-5: Eccentricity profile for the butanol/heptane/SDS in water droplets along the MD simulation 
time, for (a) the small system and (b) the big system. The dotted line shows the average eccentricity 
values, along the simulation time. 
 
5.4.1.2 Probability distribution of terminal atoms within the droplet 
 
The formed droplet is also characterized in terms of probability distribution of the distance of 
some reference atoms from the droplet COM. Atoms belonging to hydrophilic and 
hydrophobic groups within the droplet radius of 25 Å for the small  system and 32 Å, for the 
big systems, were selected for carrying out this analysis. Figure 5.6 shows the cartoon images 
of SDS, butanol, and heptane molecules, with the selected atoms labelled. The sulfur atom of 
the SDS hydrophilic group (S), the terminal carbon atom of the SDS carbon chain (C12), the 
oxygen atom of the butanol hydrophilic group (O), the terminal carbon atom of the butanol 
carbon chain (C4) and the two terminal carbon atoms of heptane (C1 and C7) were chosen as 
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reference atoms. Figures 5.7(a) and (b) show the probability distributions of reference atoms 
at the end of the MD simulations, for the small and the big systems respectively.  
 
Figure 5-6: Atoms belonging to hydrophilic and hydrophobic groups that were selected for carrying 
out the probability distribution. Terminal carbon atoms are highlighted in blue, oxygens of the 
hydrophilic groups in red and sulfur atom of the SDS hydrophilic group in yellow.  
       
   
Figure 5-7: Probability distribution of reference atoms at 40 ns of MD simulation, for the small 
system (a) and the big system (b). 
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16.85 Å for the big system. This confirms the fact that the heptane molecules are located in 
the inner core of the droplet and that the heptane molecules, being non-polar, have no 
preferential orientation towards the water phase. The terminal carbon atoms of the SDS 
molecule (SDS_C12 in Figure 7(a) and 7(b)) have the mean probability distribution at 12.55 Å 
for the small system and 20.13 Å for the big system. As expected for both systems the 
hydrophobic part of the SDS molecule is oriented towards the oil phase.  However, for the 
small system the distribution of SDS_C12 atoms overlaps with those of HEPT_C1 and 
HEPT_C7, while for the big system the C12_SDS distribution is more shifted towards the 
droplet interface. This is probably due to the slightly higher heptane/SDS ratio in the droplet 
for the big system. A higher number of heptane molecules per number of SDS molecules 
makes the core of the droplet more hydrophobic and in turn the  oil part of the droplet 
becomes more disconnected from the interface that constituted by amphiphilic molecules 
(SDS and butanol).   The sulphur atoms of SDS (SDS_S in Figure 7a and 7b) have the mean 
probability distribution at 22.12 Å for the small system and at 29.19 Å for the big system. 
Hence the hydrophilic part of the SDS molecule is oriented towards the bulk water phase. For 
the oxygen atoms of butanol (BUT_O in Figure 7a and 7b), the mean probability distribution 
is at 22.36 Å for the small system and almost equal to that of the sulphur atoms. For the big 
system the mean probability distribution for the BUT_O atoms is at 26.53 Å, therefore the 
BUT_O distribution does not overlap with the SDS_S distribution. This confirms an overall 
shifting of SDS molecules towards the water phase. For the terminal butanol carbon atoms 
(BUT_C1 in Figure 7(a) and 7(b)), the mean probability distribution is at 20.53 Å for the small 
system and 23.71 Å for the big one, indicating that the butanol molecules are located at the 
oil-water interface. The location of butanol molecules proves the role of the co-surfactant 
component (butanol) in stabilizing the emulsion. The stabilizing effect is even more evident 
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for the big system, in which the distributions of butanol atoms are  in between the ones of 
SDS and heptane and the co-surfactant bridges the oil and the surfactant compounds. 
Figures 5.8 (a) (b) show the evolution of the average distances of the reference atoms to the 
droplet COM, respectively for the small and the big systems. For the small system, all atoms 
have similar average positions at the beginning of the simulation, ranging between 18 and 21 
Å. This is because at the beginning of the MD simulation all butanol, heptane and SDS 
molecules were inserted randomly in the box of 40 Å × 40 Å × 40 Å. As the simulation 
progressed, the sulphur atoms of SDS shifted towards the droplet centre and at the end of 40 
ns MD simulation, the average distance reached the final value of 12.55 Å. C12 terminal 
carbons of SDS molecule (SDS_C12) moved outwards and approached a final value of 22.12 Å 
at 40 ns. C4 and O atoms of butanol molecule (BUT_C4 and BUT_O) moved slightly outwards 
and reached an average radius of 20.53 Å and 22.36 Å respectively from the COM. C1 and C7 
terminal carbon atoms of heptane molecule (HEPT_C1 and HEPT_C7) rapidly moved inwards 
from the initial positions in the first 5 ns of the simulation and approached a final value of 
around 13 Å afterwards. For the big system heptane molecules were initially inserted within 
a sphere with radius 30 Å and butanol and SDS molecules within a shell of 25 Å < r < 50 Å. The 
average positions at the start were 38.5 Å for SDS_C12 and 40.1 Å for SDS_S atoms, 36.4 Å for 
both BUT_O1 and BUT_C4, 34.1 Å for HEPT_C1 and 35.2 Å for HEPT_C7. In the first 5 ns of the 
simulation, the distance of all the reference atoms to the droplet centre of mass rapidly 
decreased. The stabilized distance profiles are around 17 Å for HEPT_C1 and HEPT_C7, 29 Å 
for SDS_S, 21 Å for SDS_C12, and 24 Å and 27 Å for BUT_C4 and BUT_O, respectively.  
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Figure 5-8: Average distances of reference atoms from the droplet COM, for the small system (a) and 
the big system (b).Green lines were used for SDS molecule, red lines for heptane and yellow lines for 
butanol. 
 
5.4.1.3 Accessible surface area  
 
The accessible surface area (ASA) gives an insight on the relative area of the heptane, butanol 
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phase. The ASA is calculated by removing all water molecules and rolling a probe molecule 
around the droplet surface. The radius of the probe molecule is 1.4 Å to mimic water 
molecules84. The accessible surface area was computed with the built-in GROMACS function 
gmx-sasa (http://manual.gromacs.org/documentation/5.1/onlinehelp/gmx-sasa.html). 
Figure 5.9 (a) and (b) show the probability distribution of the ASA for heptane, butanol, and 
SDS of the small and big droplets respectively. Knowing the probability distribution, the 
average ASA is calculated. For the small system, the average ASA for heptane, butanol, and 
SDS correspond to 194.1 Å2, 144.1 Å2, and 446.5 Å2. For the big system, the average ASA for 
heptane, butanol, and SDS is: 163.3 Å2, 109.1 Å2 and 483.9 Å2, respectively. In both cases, the 
largest ASA is provided by SDS, showing that heptane molecules are well protected from the 
water phase, while butanol and SDS mostly assembled at the diffusive interface and thus 
screen the oil phase from the water bulk phase. Those values for ASA are in accordance with 
previous studies from  Luft et al.60 for the Rhamnolipid/decane microemulsion system. 
 
Figure 5-9: Probability distribution of ASA for butanol (dashed), SDS (dotted and dashed) and heptane 
(dotted) molecules, for the small droplet (a) and the big droplet (b).  
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5.4.2 Droplet/water partition coefficients  
Using the MD simulated heptane/butanol/SDS in water droplets of both small and big,  the 
droplet/water partition coefficients of the 14 solutes listed in Table 5.1 are predicted using 
COSMOmic and compared with the measured data of Ishihama et al.9 The Entropy and 
enthalpy data for the 14 solutes were reported by Ishihama et al.9  and the droplet/water 
partition coefficients were obtained from the reported entropy and enthalpy data using 
Equation 5.1. The comparison between the predicted and the experimentally measured 
droplet/water partition coefficient was made by using the root mean square error (RMSE) 
defined as: RMSE =  √
1
n
∑ (logKdroplet/w,predicted − logKdroplet/w,exp)
n
i=1 , where 
logKdroplet/w,predicted is the logarithmic of predicted values,  logKdroplet/w,exp is the 
logarithmic obtained from the experimentally measured entropy and enthalpy values and n 
is the number of compounds in the analysed dataset. Droplet/water partition coefficients are 
also compared to heptane/water partition coefficients, in order to investigate how the 
partitioning behaviour changes from the homogeneous bulk system of heptane to the 
inhomogeneous system of heptane/butanol/SDS in water microemulsion. Figure 5.10 (a) and 
(b) show the comparison between the predicted droplet/water partition coefficients and 
experimental values of the 14 compounds belonging to the compound classes of 
polyaromatics, aromatics, ammines, esters and phenols, for the small system and the big 
system. The predicted and experimental values for the droplet/water partition coefficients 
are listed in Table 5.2.  The RMSE is equal to 0.41 for the small and 0.43 for the big system 
respectively. As shown in Figures 5.10, most of the predicted values are in good agreement 
with the experiment data, having an accuracy within ±0.5 in the logarithmic scale. The RMSE 
values are in line with previous studies on octanol-water54, micellar systems56,108,109 and lipid 
83 
 
systems110–112. Only the partition coefficient for p-nitroaniline was under-predicted, with an 
error considerably higher than 0.5 in the logarithmic scale. This is expected given the 
previously reported inability of COSMO-RS in predicting the properties for secondary and 
tertiary amines accurately.  
Figure 5.11 compares the heptane/butanol/SDS droplet/water partition coefficients with the 
experimental data of heptane/water partition coefficients for the same 14 solutes.   As shown 
in Figure 5.11, none of the data points fall within the ± 0.5 discrepancy region, suggesting that 
the partitioning behaviour of solutes in the homogeneous bulk phase of heptane is 
significantly different from that in the inhomogeneous heptane/butanol/SDS in water 
microemulsion. As the heptane bulk phase is a more lipophilic environment than the 
SDS/butanol/heptane in water droplet, non-polar compounds of the dataset such as toluene 
and nitrobenzene show considerably higher heptane/water partition coefficients compared 
to droplet/water ones. On the contrary, the rest of the solute compounds are composed by 
polar groups such as the hydroxyl group for phenols, cresols and 2-naphthol and the amine 
group for p-nitroanisole, therefore these compounds show significantly lower heptane/water 
partition coefficients than the droplet/water ones. 
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Figure 5-10: Comparison of predicted heptane/butanol/SDS droplet/water partition with 
experimental data (calculated from the free energy reported by Ishihama et al.9); (a) the small system 
and (b) the big system.  
 
 
  
Figure 5-11: Comparison of heptane/butanol/SDS droplet/water partition coefficients with  
the experimental values of heptane/water partition coefficients. 
 
5.5 Conclusions 
 
In this chapter, the performance of the MD/COSMOmic approach for predicting solute 
partition in an inhomogeneous heptane/butanol/SDS in water microemulsion has been 
further evaluated.  MD simulations were used to obtain the self-assembling of two different 
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sized heptane/butanol/SDS in water droplets. Subsequently the self -assembled molecular 
structures of heptane/butanol/SDS in water droplets were used in COSMOmic for the 
prediction of the droplet/water partition coefficients. The predicted droplet/water partition 
coefficients were compared directly with the experimental values for a dataset of 14 
chemicals. The comparison showed a good agreement of the prediction with the 
experimental data for both simulated systems, yielding a RMSE = 0.41 for the small and a 
RMSE = 0.43 for the big system. The combined MD/COSMOmic approach is shown to be 
reliable for predicting heptane/butanol/SDS in water droplet partition coefficient.  
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6 PREDICTING PARTITION COEFFICIENTS OF NEUTRAL AND 
CHARGED SOLUTES IN MIXED SLES/FATTY ACIDS MICELLE/WATER 
SYSTEM 
 
6.1 Introduction 
 
Many foods, pharmaceuticals and cosmetic products have complex formulations involving 
cationic and ionic surfactants leading to the formation of complex microstructures such as 
mixed micelles. Predicting solutes partition coefficients, especially charged solutes in mixed 
micelles has been a challenge, due to the charge interaction.  In this chapter we further apply 
the combined MD/COSMOmic approach to predict the partition coefficients of neutral and 
charged fatty acids such as capric acid and capric acid anion (caprate) in the mixed micelle of 
sodium laureth ether sulfate (SLES) and capric acid (mixed SLES/CA micelle) , and palmitic acid 
in the mixed micelle of SLES and palmitic acid (mixed SLES/PA micelle). Tzocheva et al.17  
measured the free energies of transfer for fatty acid molecules from water to mixed 
SLES/fatty acid (SLES/FA) micelles and their corresponding micelle/water partition 
coefficients. To simulate the experimental data, MD simulations have been  performed for 
the self-assembly of mixed SLES/capric acid (SLES/CA) and SLES/palmitic acid (SLES/PA) 
micelles at the same concentration as reported by Tzocheva et al.27. The standard non-
polarizable force field (CHARMM36) has been used in simulating the micellization process. 
COSMOmic is subsequently used for predicting the partition coefficients. The comparison of 
the predicted partition coefficients with experimental data of Tzocheva et al.27 shows that the 
combined MD/COSMOmic approach is accurate for neutral solutes whereas it lacks in 
accuracy for charged solute (caprate).  Use of steered molecular dynamics (SMD) combined 
with umbrella sampling (US) is thus further explored. Both the standard non-polarizable force 
field (CHARMM36) and the latest polarizable force field (CHARMM Drude) have been used for 
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predicting solute partition coefficients in the simulated mixed SLES/FA micellar systems. The 
parametrization of the SLES molecule in the CHARMM Drude force field was performed 
thanks to the collaboration with Dr Anmol Kumar (University of Maryland Scholl of Pharmacy) 
and the SMD/US simulations using the CHARMM Drude force field were performed thanks to 
the collaboration with Dr Abhishek Kognole (University of Maryland Scholl of Pharmacy). The 
use of the polarizable force field in the SMD/US approach is accurate and robust for predicting 
the partition of both neutral and charged solutes in the SLES/FA micellar solution. The use of 
non-polarizable force field in in SMD/US simulation only produced accurate prediction for 
neutral solutes, but not for the charged solute. 
6.2  Experimental dataset 
The reported experimental value for the critical micelle concentration of the SLES surfactant 
is equal to 0.003 M113. The solubility limits of capric acid and palmitic acid in the respective 
mixed SLES/CA and SLES/PA micellar solutions are from Tzocheva et al.17 who used light 
absorbance experiments and reported saturation molar fractions of 0.301 and 0.0909 for 
capric acid and palmitic acid, respectively. The free energies of transfer from water to the 
micelle phase for capric acid and capric acid ion (caprate) in the mixed SLES/CA micelle and 
for palmitic acid  in the mixed SLES/PA micelle together with the relative values of the 
micelle/water partition coefficients were also collected from Tzocheva et al.10 and are listed 
in Table 6.1. The authors used a semi-empirical approach114,115, based on the measurement 
of solubilities of fatty acids in water and in the SLES micelle, in order to derive the free 
energies of transfer of capric acid, caprate and palmitic acid from water to the respective 
mixed micellar phase.  
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Table 6.1: Micelle/water partition coefficients, K mic, A derived from experimentally measured free 
energy of transfer, ∆𝐺𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟, for fatty acids at 25 °C in mixed SLES/FA micelles. 
Compound log Kmic,A(mole/mole)* ∆𝐺𝑡𝑟𝑎𝑛𝑠𝑓(KJ/mole)* 
Capric acid 3.37 -19.24 
Palmitic acid 6.36 -36.20 
Caprate (Capric acid anion) 1.03 -5.88 
*Data collected from Tzocheva et al.10 
6.3 Simulation details 
In the following sections, details about the two approaches, i.e. MD/COSMOmic and SMD/US, 
used for the prediction of partition coefficients of neutral and charged fatty acids in the 
relative mixed SLES/fatty acids micelles are given.  
6.3.1 MD simulations of SLES/FA mixed micelles  
 
MD simulations have been performed to simulate the self-assembly of  mixed SLES/CA and 
SLES/PA micelles under the conditions as reported by Tzocheva et al17. 
For the mixed SLES/CA system, 216 SLES molecules were randomly placed in a cubic 
simulation box of 8 nm × 8 nm × 8 nm. 95 capric acid molecules were subsequently added in 
order to match the experimental value of molar fraction of 0.301 reported by Tzocheva et 
al.10 The system was afterwards solvated with 22216 water molecules of which 216 water 
molecules were replaced by 216 sodium counter-ions to achieve the electro-neutrality of the 
system, thus yielding a SLES concentration in water of ĉSLES = 0.47 M that is higher than the 
experimental critical micelle concentration of 0.003 M. For the SLES/PA system, the 
procedures for generating the MD simulations system is identical to the SLES/CA, except that 
20 palmitic acid molecules, rather than 95 of capric acid, were added to match the 
experimental value for the saturation molar fraction of 0.0909. For the MD simulations of the 
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micelle formation of both systems, the CHARMM3666 force field was used for SLES and fatty 
acids molecules and the TIP3P force field was used for water molecules.  
The CGenFF70 software was used for setting the atomic structure and atom connections of 
the SLES compound in the CHARMM36 force field library. MD simulations have been 
performed to relax the system and minimize the system internal energy by means of the 
steepest descent algorithm. After the energy minimization step, a short simulation of 600 ps 
was carried out in the NVT ensemble. The Nose-Hoover87 thermostat with a coupling constant 
of τt = 1 ps was used for maintaining a constant temperature of T = 298.25 K. The Verlet 
cutoff scheme was employed and the short-range electrostatic cutoff and the short-range van 
der Waals cutoff were set at 1.2 nm. The final simulation was run in the NPT ensemble for 45 
ns.  The simulation results were saved in every 100 ps. The Nose-Hoover87 thermostat with a 
coupling constant of τt = 1 ps was used for maintaining a constant temperature at T =
298.25 K and the Parrinello-Rahman77 barostat with a coupling constant of 𝜏𝑝 = 1 𝑝𝑠  was 
used for maintaining the pressure at a constant value of P = 1 bar. At the end of the MD 
simulations multiple micelles of different sizes formed.  The criterion to identify the micelles 
to which SLES and fatty acid molecules belong to is based on the method originally proposed 
by Sammalkorpi57 for pure SDS micelles and further developed by Koneva et al.116 for mixed 
micelles. Figure 6.1 shows the reference atoms in the SLES, CA and PA molecules, which are 
used to calculate the distances between different atoms. Three sets of distances are 
computed for all pairs of SLES and capric acid molecules: (set 1: distances between each pair 
of C3_SLES atoms, C1_Capric atoms and C3_SLES/C1_Capric atoms); (set 2: distances between 
each pair of C7_SLES atoms, C5_Capric atoms and C7_SLES/C5_Capric atoms); and (set 3: 
distances between each pair of  C10_SLES atoms, C10_Capric atoms and 
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C10_SLES/C10_Capric atoms). Similarly, three sets of distances are computed for all pairs of 
SLES and palmitic acid molecules: (set 1: distances between each pair of  C3_SLES atoms, 
C1_Palmitic atoms and C3_SLES/C1_Palmitic atoms); (set 2: distances between each pair of 
C8_SLES atoms, C7_Palmitic atoms and C8_SLES/C7_Palmitic atoms); and (set 3: distances 
between each pair of C16_SLES atoms, C16_Capric atoms and C16_SLES/C16_Capric atoms) . 
For both the SLES/CA and the SLES/PA systems, a pair of SLES  molecules or fatty acid molecules 
or SLES/fatty acid molecules are considered to be part of the same micelle if at least one of the 
computed distances in either set 1 or set 2 or set 3 is shorter than R1cutoff = 0.55,  or if two distances 
from two different sets are shorter than R2cutoff = 0.68 or if all the three distances from the three 
different sets are shorter than R3cutoff = 0.70. Values of cutoffs were chosen in accordance with the 
work conducted by Storm et al.117 on similar mixed surfactant systems.  
 
 
 
Figure 6-1: Reference atoms for SLES, capric acid and palmitic acid. 
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6.3.2 Partition coefficient predictions from the MD/COSMOmic approach 
 
From the final configurations of the MD simulations, the largest micelle from each of the two 
simulated SLES/FA micellar systems, i.e. SLES/CA and SLES/PA, with an adjacent shell of water 
molecules, as shown in Figure 6.2, was extracted using an in-house code written in the 
Biopython97 package. The micellar structure was fed into COSMOmic for predicting the 
micelle/water partition coefficient of capric acid and caprate in the SLES/CA micelle and of 
palmitic acid in the SLES/PA micelle. In COSMOmic, each of the two micelles was discretized 
into 30 layers along the radius and the last layer was exclusively consisting of water molecules. 
DFT calculations were performed by means of Turbomole 7.3102 package, for solute and 
solvent molecules using exactly the same basis set of Chapter 5 and the micelle/water 
partition coefficients were computed by means of the default equations implemented in 
COSMOmic 19.0 (http://www.cosmologic.de). 
 
Figure 6-2: MD simulation of two self-assembled mixed micelles of SLES/FA: (a) SLES/CA and (b) 
SLES/PA, both surrounded by a water shell. The two micelles are used as input for COSMOmic 
calculations. Water molecules are colored in cyan, SLES molecules in blue, capric acid in red, palmitic 
acid in orange. 
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6.3.3 CHARMM Drude polarizable force field 
In this chapter both a polarizable and a non-polarizable force field were employed in 
performing the SMD/US predictions. A polarizable force field, differently from the non-
polarizable ones, explicitly models the atomic polarizability. This feature is particularly 
important when charged or highly polar species are involved, where the electronic 
polarization is expected to have a significant role118. In particular, polarizability is essential to 
get accurate energetic interactions in the vicinity of highly polar moieties (such as carbonyl 
groups), small ions (such as sodium or chloride), as well as in anisotropic nonpolar 
environments56. This is indeed the case of the interaction between the charged caprate solute 
with charged SLES surfactants in the mixed SLES/capric acid micellar system. The employment 
of the SMD/US approach using a non-polarizable force field led to severe inaccuracy in 
predicting micelle/water partition coefficients of charged solutes56, therefore the use of a 
polarizable force field, that accurately models the induced polarization, should be 
investigated. From here, we decided to test both the polarizable and the non-polarizable 
force fields for predicting the micelle/water partition coefficients of neutral capric acid and 
palmitic acid and charged caprate in the mixed SLES/FA micellar systems. Current polarizable  
force field models can be classified into three major categories: point dipole, charge transfer 
and classical Drude oscillator74. The advantage with the Drude model119 is that it preserves 
the simple particle-particle Coulomb electrostatic interaction employed in non-polarizable 
force fields and therefore is employable with standard MD simulations package such as 
OpenMM (http://openmm.org/) and NAMD (http://www.ks.uiuc.edu/Research/namd/). In the 
CHARMM Drude polarizable force field, based on the Drude model, the effect of induced 
polarization is explicitly modelled by attaching massless charged pseudo-particles to each 
polarizable atom through a harmonic spring. In this way a finite induced dipole is created, and 
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the atom charge is redistributed between the atom and the pseudo-particles. The CHARMM 
Drude force field was developed by researchers from the University of Maryland in 
collaboration with the University of Montreal and the University of Chicago. Lamoureux et 
al.118,120 first proposed the CHARMM Drude force field for water, that  was further developed 
for alkanes and ethers 121,122, aromatics 123,124,  alcohols 125 ,amides 126, ketones  127  and lipids. 
63 128 Li et al.63 and Chowdhary et al.128 showed how the use of the CHARMM Drude force field 
in simulating lipid membranes, leads to significantly different profiles for the electrostatic 
potential compared to the CHARMM36 non-polarizable force field. They reported that the 
most significant difference between the polarizable and the non-polarizable force fields 
appears in the lipids/water interface region. In that region the effect of the induced 
polarization between water and lipids headgroups is a particularly important feature that 
cannot be captured by a force field with fixed charges, such as the CHARMM36 one. Similarly, 
in the two mixed SLES/FA micellar systems, the interface region between water and the 
micelle is characterized by a significant induced polarization due to the interaction of the 
headgroups of the SLES anionic surfactants with water. The effect of the polarizability of 
anionic surfactant molecules near the water/micelle interface is particularly important when 
predicting the micelle/water partition coefficients of charged solutes, whereas it does not 
affect the prediction for neutral solutes, as proven by Yordanova et al56. The CHARMM Drude 
polarizable force field is not extensively used yet and the DGenFF129 tool, the equivalent of 
the CGenFF129 tool for the non-polarizable force field, that automatizes the parameterization 
procedure of a new molecule, is still under development by the researchers at University of 
Maryland. For this reason, the parameterization of the SLES molecule with the CHARMM 
Drude force field, similarly to the CGenFF70 protocol, involves a procedure in which force fields 
parameters, such as atom charges, angles, dihedrals and polarizability, are optimized by 
94 
 
matching target data generated by means of quantum mechanical (QM) calculations. The 
parameterization of the SLES molecule was carried out thanks to the help and scientific 
support of Dr Anmol Kumar from the University of Maryland School of Pharmacy and thanks 
to the computing facilities of the Mackerell Lab at the University of Maryland School of 
Pharmacy. 
6.3.4 Partition coefficient predictions from SMD/US 
 
As for the MD/COSMOmic predictions, the largest mixed SLES/CA and SLES/PA micelles were 
extracted from the final configuration of the MD simulations of section 6.3.1. Each of the 
micelles was transferred to another simulation box of 8 nm × 8 nm × 8 nm for setting up the 
steered molecular dynamic (SDM) simulations (Figure 6-3).  Altogether, five SMD simulations 
were performed, for the three solutes of capric acid, palmitic acid and caprate in the two 
mixed SLES/CA and SLES/PA micelles. Three of the SMD simulations were performed using 
the non-polarizable force field (CHARMM36): one for the capric acid in the mixed SLES/CA 
micelle, one for the caprate solute in the mixed SLES/CA micelle, and one for the palmitic acid 
in the mixed SLES/PA micelle.  Two SMD simulations used the polarizable force field 
(CHARMM Drude) for the capric acid and caprate solutes respectively in the mixed SLES/CA 
micelle. SMD simulations with the non-polarizable CHARMM36 force field were carried out in 
GROMACS 5.5.165 (http://www.gromacs.org/), whereas the ones with the polarizable CHARMM 
Drude polarizable force field (CHARMM Drude) were performed using the OpenMM software 
(http://openmm.org/). In each SMD simulation, a solute molecule was placed at a distance of 
3.5 nm from the micelle centre of mass (COM).  For each SMD simulation, the system was 
relaxed in order to minimize the internal energy with the steepest descent algorithm and 
equilibrated in the NVT ensemble for 600 ps. At the end of the equilibration, the COM of each 
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micelle was constrained to the COM of the respective solute molecule by means of a harmonic 
potential of 3000 KJ/mol/nm2. Each solute molecule was pulled towards the respective 
micelle COM by applying a constant velocity of 10 nm/ns (Figure 3). Each solute molecule was 
pulled through the water phase and the respective micellar phase at a distance of 3.5 nm and 
overall 35 umbrella configurations were generated in order to have a sample in every 0.1 nm. 
For each of the five SMD simulations, the respective Umbrella sampling (US) simulations were 
run for each configuration for 10 ns, applying a force constant for the umbrella potential equal 
to 3000 KJ/mol/nm2. Subsequently, as the biasing harmonic potential was applied, the 
weighted histogram analysis method (WHAM)80 was performed using the WHAM software130, 
version 2.0.9 (http://membrane.urmc.rochester.edu/page_id=94), in order to compute the 
unbiased free energy profile for the transfer of each solute from water to the micellar phase. 
In this way, the unbiased free energy profile of each solute across the distance between the 
micelle COM and the solute COM was achieved. As the latter is a distance in space, the 
Jacobian correction131,132 was implemented in the free energy calculations, in order to take 
into account the effect of transforming Cartesian three-dimensional coordinates into a 
distance reaction coordinate, using the following equation proposed by Ciccotti et al.133: 
                                           ∆G(ri ) =  ΔG
WHAM(ri ) + 2kBTln
ri+1
ri
                             (6.1) 
Where 𝑖 is the index that runs over the bins in which the distance between the COM of the 
micelle and the COM of the solute molecule has been discretized in performing WHAM, 
ΔGWHAM(ri) is the unbiased free energy computed by WHAM and 2kBTln
ri+1
ri
 is the applied 
Jacobian correction. Subsequently, partition coefficient of each solute is calculated from the 
free energy profiles as follows: 
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    Log Kmic/w =  
∆Gtransf
−2.303RT
                                                        (6.2) 
Where ∆Gtransf is the difference between the free energy in the water phase, that is set to a 
reference value of 0 and the minimum free energy value which corresponds to the native 
state of the solute in the micelle. 
 
Figure 6-3: Steered molecular dynamic simulation for capric acid (a), palmitic acid (b) in the 
respective SLES/FA mixed micelles. Water molecules are colored in cyan, SLES molecules in blue, 
capric acid in red, palmitic acid in orange. 
 
6.4 Results and discussion 
 
6.4.1 Micelles structure 
 
6.4.1.1 Self-Assembly of mixed SLES/FA micelles  
 
The SLES surfactant and fatty acid micelles self-assembled after the MD simulation of section 
6.3.1. In here, the self-assembling of micelles is studied by analysing the variation of the 
maximum and average aggregation numbers (number of SLES and fatty acids molecules per 
micelle) as well as the number of formed micelles along the simulation time. In Figures 6.4 (a) 
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and (b), the variations of the maximum and the average aggregation numbers (green dotted 
lines), as well as of the number of formed micelles, are plotted along the simulation time, for 
the SLES/CA system and the SLES/PA system respectively. For both the SLES/CA and SLES/PA 
systems, the maximum aggregation reached a maximum value of 120 for SLES/CA and 74 for 
SLES/PA at 5ns and remained constant afterwards. The number of micelles (blue solid lines) 
and the average aggregation number (red dashed lines) exhibited an opposite trend in both 
systems; this is expected since the decrease in the number of micelles by coalescence leads 
to the formation of bigger micelles characterized by a higher value of the average aggregation 
number.  At the end of the simulation, the SLES/CA and the SLES/PA systems reached an 
average aggregation number of 63 and 48 respectively.  Five micelles were distinguishable for 
both SLES/CA and SLES/PA systems. 
   
Figure 6-4: Aggregation number of MD simulated self-assembly of e mixed SLES/CA system (a) and 
mixed SLES/PA system (b).  
 
From the MD simulations, the probability distributions of aggregation numbers are obtained 
for the mixed SLES/CA and mixed SLES/PA systems respectively.  The aggregation numbers 
that occur more often are 21, 24, 50, 91 and 121 for the SLES/CA system and 19, 34, 45, 69 
and 74 for the SLES/PA systems, as shown in Figure 6.5. The aggregation numbers for pure 
0
2
4
6
8
10
12
0
20
40
60
80
100
120
140
160
0 5 10 15 20 25 30 35 40 45
N
u
m
b
er
 o
f m
ic
el
le
s
A
gg
re
ga
ti
o
n
 n
u
m
be
r
Time (ns)
a
Average aggregation number
Maximum aggregation number
Number of micelles
0
2
4
6
8
10
12
0
10
20
30
40
50
60
70
80
0 5 10 15 20 25 30 35 40 45
N
u
m
b
er
 o
f m
ic
el
le
s
A
gg
re
ga
ti
o
n
 n
u
m
be
r
Time (ns)
b
Maximum aggregation number
Average aggregation number
Number of micelles
98 
 
SLES micelles were experimentally measured to be 43 by Aoudia et al.134 and between 67-79 
by Anachkov et al.135 Predicted aggregation numbers for both SLES/CA and SLES/PA systems 
are in the range of experimental ones of pure SLES micelles. The aggregation numbers for the 
mixed SLES/PA are closer to experimental values of SLES pure micelles compared to the 
SLES/CA system; this is due to the lower solubility of palmitic acid compared to capric acid in 
SLES micelles. 
  
Figure 6-5: Probability distribution for aggregation numbers of self-assembled micelles predicted by 
the MD simulation for the SLES/CA system (a) and the SLES/PA system (b).  
 
6.4.1.2 Density profiles and probability distribution of terminal atoms  
The free energy profiles of fatty acids in mixed SLES/FA micelles depend on how fatty acid and 
SLES molecules assemble. In order to have a better understanding of the predicted free 
energy profiles, we calculated the density profiles of SLES, fatty acids, and water, as well as 
the probability distribution of hydrophobic and hydrophilic groups of SLES and fatty acids 
within the selected micelles. The density profiles of capric acid, SLES and water in the largest 
SLES/CA micelle are shown in Figure 6.6 (a), whilst the density profiles of palmitic acid, SLES 
and water in the largest SLES/PA micelle are shown in Figure 6.6 (b). In the mixed SLES/CA 
micelle, the water profile first intersects with the SLES one at r = 2.17 nm and then with the 
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capric acid one at r micelle = 2.31 nm.  The latter distance is therefore chosen as the radius of 
the micelle. For the SLES/CA micelle the density of capric acid is higher than that of the SLES 
at the micelle/water interface. The opposite is observed in the mixed SLES/PA micelle where 
the water profile intersects first with the palmitic acid one at r = 1.74 nm and then with the 
SLES one at r micelle = 2.07 nm; this is due to the concentration of palmitic acid in the micelle 
being much lower than that of capric acid. The radius of gyration for the two extracted 
micelles was computed in order to evaluate the mean radius of the micelle assembly, using 
the following equation suggested by Bogusz et al.104: 
RSLES/FA =  √5 3⁄ Rgyration        (6.3) 
The calculated mean radii for the mixed SLES/CA and SLES/PA micelles were R  SLES/CA  = 2.21 
nm and R SLES/PA  = 1.97 nm respectively and are in good agreement with the radii of the 
micelles selected from the density profiles, i.e. 2.31 nm for the SLES/CA and 2.07 nm for the 
SLES/PA.   
 
Figure 6-6: Density profiles for SLES, CA and water in SLES/CA micelle (a) and those for SLES, PA and 
water in SLES/PA micelle (b). 
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The probability distributions of the hydrophobic groups, i.e. terminal carbon atoms of SLES 
and fatty acids, and hydrophilic groups, i.e. the sulfate group of the SLES molecule and the 
hydroxyl group of fatty acids in the two self-assembled micelles, are shown in Figure 6-7. For 
the mixed SLES/PA micelle, the probability distributions of SLES_C16 and PALMITIC_C16 
overlap; this is to be expected since SLES and palmitic acid have the same carbon chains 
length. This is not the case for the SLES/CA micelle where the mismatch in the molecular 
carbon chains (10 carbons for capric acid and 16 for SLES) resulted in the shifting of the 
CAPRIC_C10 distribution towards the micelle/water interface. The probability distribution of 
the hydrophobic group provides a preliminary estimation of where the fatty acid solute will 
preferentially distribute in the micelle.  Capric acid atoms preferentially distribute between 1 
nm and 2 nm from the COM of the micelle and palmitic atoms between 1 nm and 1.5 nm. 
With regards to the hydrophilic groups, the distances between SLES_SO4- and alcohols 
hydroxyl groups CAPRIC_OH and PALMITIC_OH are similar. 
 
Figure 6-7: Probability distribution of hydrophobic and hydrophilic reference groups of SLES, CA and 
PA in the mixed SLES/CA micelle (a) and SLES/PA micelle (b). 
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6.4.2 Micelle-water partition coefficient prediction by the MD/COSMOmic approach 
Using the extracted SLES/CA and SLES/PA micelles from the MD simulation, the partition     
coefficients of capric acid, palmitic acid and caprate between the mixed micelle and water are 
predicted by COSMOmic. The predicted values for the micelle/water partition coefficients are 
shown in Table 6.2 in comparison with the experimental data of Tzocheva et al17. 
 
Table 6.2: Micelle-water partition coefficients predicted by COSMOmic in comparison with the 
experimental data. 
Solutes 
Log Kmic/w 
(COSMOmic) 
Log Kmic/w 
(experimental)* 
Prediction error 
Capric acid 3.52 3.37 0.15 
Palmitic acid 5.99 6.36 -0.37 
Caprate -0.80 1.03 -1.83 
*Data collected from Tzocheva et al17 
COSMOmic performed well in predicting the partition coefficients of neutral fatty acids, i.e. 
capric and palmitic acids, for the mixed SLES/CA and SLES/PA micelles respectively. The 
partition coefficients for palmitic acid is slightly underpredicted,  however this is expected 
since COSMOmic tends to underpredict the partition coefficients of highly hydrophobic 
compounds136. In the case of the charged caprate, COSMOmic showed a severe 
underprediction of the micelle-water partition coefficient in the SLES/CA system, yielding 
negative values of the Log K mic/w. This confirms the inefficacy of COSMOmic in reliably 
predicting the partition coefficients for charged solutes as already reported by previous 
works56,110,137. Bitterman et al.137 and Droge et al.110,138 improved the prediction accuracy of 
charged solutes in lipid membranes by implementing an internal membrane dipole potential 
which was empirically optimized by using experimental partition coefficients. Nevertheless, 
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this approach requires a large dataset of partition coefficients of charged solutes for each 
specific solvent system. Wang et al.139 and Yordanova et al.56 suggested that the employment 
of a polarizable force field that accurately models the micelle dipole potential should be 
investigated. This can be achieved by using the SMD/US approach in combination with a 
polarizable force field (e.g. the CHARMM Drude) in calculating the free energy of transfer of 
the charged solute from the water to the micelle phase. In the next section we apply the SMD 
simulation and US for predicting micelle-water partition coefficients for caprate and capric 
acid in the mixed SLES/CA micelle and for palmitic acid in the mixed SLES/PA micelle.  
6.4.3 Micelle-water partition coefficient prediction by the SMD/US approach 
Partition coefficients predicted from US by employing the CAHRMM36 non-polarizable force 
field and CHARMM Drude polarizable force field are reported in Table 6.3 in comparison with 
the experimental data of Tzocheva et al17.  SMD/US simulations were performed with the 
CHARMM36 non-polarizable force field (US_CAHRMM36) to confirm its accuracy in predicting 
partition coefficients for neutral solutes, i.e. for capric acid in the mixed SLES/CA micelle and 
for palmitic acid in the mixed SLES/PA micelle. The CHARMM Drude polarizable force field 
(US_Drude) was employed instead for predicting the partition coefficient of caprate and 
capric acid in the mixed SLES/CA micelle in order to investigate the performance of the 
polarizable force field in predicting partition coefficient of neutral and charged solutes.  
Table 6.3: Partition coefficients predicted from US using the Non-polarizable and polarizable one. 
Solutes 
Log Kmic/w 
(US_CHARMM36) 
Log Kmic/w 
(US_Drude) 
Log Kmic/w 
(experimental)* 
Prediction error 
(US_CHARMM36) 
Prediction 
error 
(US_Drude) 
Capric 
acid 
3.49 3.31 3.37 0.12 -0.06 
Palmitic 
acid 
6.23 n.e. 6.36 -0.13 n.e. 
Caprate 2.35 1.47 1.04 1.31 0.43 
*Data collected from Tzocheva et al.10 
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US_CHARMM36 showed good accuracy in predicting the partition coefficients of neutral 
solutes (capric acid and palmitic acid). Prediction errors from the SMD/US approach (0.12 for 
capric acid, -0.13 for palmitic acid)  are comparable with the ones from the MD/COSMOmic 
approach (0.15 for capric acid, -0.37 for palmitic acid, as shown in Table 6.2), although the 
SMD/US predicted values are slightly closer to experimental data than the ones from the 
MD/COSMOmic approach. US_CHARMM36 shows a severe overprediction for the partition 
coefficient of charged solute caprate. The non-polarizable force field cannot accurately model 
the electrostatic potential of the micelle and this results in major errors when predicting the 
partition coefficient of charged solutes. This is consistent with the findings of Yordanova et 
al.56 who reported a good agreement between the MD/COSMOmic approach and the 
SMD/US approach for predicting the partition coefficients of neutral solutes and a severe 
underprediction for the partition coefficient of the 4-hydroxybenzoic acid anion in the cationic 
micelle of the cetyltrimethylammonium bromide (CTAB) surfactant. US_Drude shows a good 
prediction accuracy for the capric acid partition coefficient, which is in line with the values 
predicted by the MD/COSMOmic approach and the SMD/US approach with CHARMM36 
(US_CHARMM36). US_Drude improves considerably the prediction of the caprate partition 
coefficient, yielding an absolute prediction error of 0.43 that is almost one logarithmic unit 
smaller than the ones from the MD/COSMOmic approach (1.83) and US_CHARMM36 (1.31).  
This proves that the employment of a polarizable force field improves the prediction accuracy 
of the micelle-water partition coefficients of charged solutes. In the following section, the 
free energy profiles are analysed to understand why different predictions are obtained for 
the SMD/US and the MD/COSMOmic approaches.  
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6.4.4 Free energy profiles  
6.4.4.1 Neutral solutes 
The free energy profiles for the transfer of capric acid and palmitic acid solutes from water to 
the respective mixed SLES/FA micelle are reported in Figure 6.8a for capric acid and b for 
palmitic acid. The free energy profile for the capric acid solute in the mixed SLES/CA micelle 
was calculated by means of COSMOmic and US; for the latter both the non-polarizable force 
field (US_CHARMM36) and the polarizable force field (US_Drude) were use d. Comparing the 
energy profile predicted by US_Drude with the ones by the US_CHARMM36 and the 
MD/COSMOmic, we observe that in the US_Drude prediction the free energy is around ∼20 
kj/mol higher at the centre of the micelle, compared to the ones of the US_CHARMM36 and 
COSMOmic predictions. Looking at the energy profiles of US_CHARMM36 and COSMOmic, 
we notice that after a rapid decrease in the first 0.5 nm (US_CHARMM36) and 0.7 nm 
(COSMOmic) the free energy remains high, probably due to the mismatch in the carbon chain 
lengths between capric acid and SLES. The free energy remains constant in the plateau region 
where only the SLES carbon chain is present. This is also evident from the probability 
distribution of terminal carbon atoms (Figure 6.7 (a)). The end of the plateau corresponds to 
the beginning of the capric acid carbon chain and therefore a subsequent drop in the free 
energy occurs. The plateau region is not observed in the US_Drude prediction as the free 
energy keeps decreasing by ∼15 Kj/mol from 0.5 nm to 1 nm along the reaction coordinate. 
This constant decrease indicates that moving towards the micelle/water interface, the micelle 
is characterized by a higher electrostatic potential due to a larger induced polarization. This 
effect cannot be captured by a force field with fixed partial charges, such as 
CHARMM3663,122,140. From 1 nm to 3.5 nm there are no major differences between the free 
energy profiles of US_Drude and US_CHARMM36. With regards to the mixed SLES/PA micelle, 
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we can see that the plateau as modelled by the US_CHARMM36 for the capric acid does not 
appear. This is due to the match in the carbon chain length of SLES and palmitic acid.  
 
  
Figure 6-8: Free energy profiles for the transfer of fatty acids from water to the mixed SLES/FA 
micelle, (a) for capric acid and (b) for palmitic acid. 
 
Values for the free energies of transfer of fatty acids that were used for calculating the 
micelle/water partition coefficients for US_CHARMM36 and US_Drude are given in Table 6.4. 
Table 6.4: Values of predicted free energies of transfer and micelle water partition coefficients for 
capric acid and palmitic acid, by mean of: US_CHARMM36, US_Drude and COSMOmic methods.  
Solutes 
∆G𝑡𝑎𝑛𝑠𝑓  
(US_CHARMM36) 
∆G𝑡𝑎𝑛𝑠𝑓  
(US_Drude) 
∆G𝑡𝑎𝑛𝑠𝑓  
(experimental)* 
Prediction error 
(US_CHARMM36) 
Prediction 
error 
(US_Drude) 
Capric 
acid 
-19.91 -18.89 -19.24 0.67 -0.65 
Palmitic 
acid 
-35.57 n.e. -36.20 -0.63 n.e. 
*Data collected from Tzocheva et al.10 
As shown in Table 6.4, the predicted values for the free energies of transfer of capric acid and 
palmitic acid are very close to the experimental values for both US_CHARMM36 and 
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US_Drude. The partition coefficients are directly calculated from the free energies of transfer, 
by means of equation 6-2. This is reflected in the accurate prediction of partition coefficients. 
6.4.4.2 Capric acid anion (caprate) 
The profiles for the free energy of transfer of caprate from water to the mixed SLES/CA micelle 
are shown in Figure 6.9.  
 
Figure 6-9: Free energy profiles for the transfer of caprate from water to the mixed SLES/CA micelle. 
 
The COSMOmic profile shows a minimum approaching zero and the free energy profile does 
not assume negative values along the micelle radius. This results in a positive value for the 
free energy of transfer and consequently a negative value for the logarithm of the micelle -
water partition coefficient (Log Kmic/w). The free energy profiles for the transfer of caprate 
predicted by US_CHARMM36 and US_Drude are similar in shape. Similarly to the predictions 
of capric acid, the free energy of caprate at the centre of the micelle predicted by the 
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US_Drude is higher than the one predicted by the US_CHARMM36. Moving towards the 
micelle/water interface the energy profile of caprate obtained by means of US_Drude shows 
a higher minimum compared to the one of US_CHARMM36. This is due to the fact that in the 
interfacial region, where the hydroxide anion of caprate interacts with the sulfate anion of 
SLES, the induced polarization effect is an important feature that can be captured by the 
Drude force field, but not by the non-polarizable force field. Values for the free energies of 
transfer for caprate, obtained by means of the polarizable and non-polarizable force fields, 
are reported and compared with the experimental values from Tzocheva et al17 in Table 6.5.  
 
Table 6.5: Values of predicted free energies of transfer for caprate solute in the mixed SLES/CA 
micelle, by means of US_CHARMM36 and US_Drude. 
Solutes 
∆G𝑡𝑎𝑛𝑠𝑓  
(US_CHARMM36) 
∆G𝑡𝑎𝑛𝑠𝑓  
(US_Drude) 
∆G𝑡𝑎𝑛𝑠𝑓  
(experimental)* 
Prediction error 
(US_CHARMM36) 
Prediction 
error 
(US_Drude) 
Caprate -13.41 -8.41 -5.88 -7.53 -2.53 
*Data collected from Tzocheva et al.10 
As shown in Table 6.5, the predicted value for the free energy of transfer of caprate obtained 
by means of US_Drude is much closer to the experimental value compared to the one of 
US_CHARMM36. The lower minimum in the free energy profile as predicted by US_Drude 
results in a higher value of the free energy of transfer and consequently a considerably 
improved prediction of the logarithm of the micelle-water partition coefficient compared to 
the non-polarizable force field. 
6.5 Conclusions 
 
In this chapter, the performances of the MD/COSMOmic and SMD/US approaches for 
predicting the solute partition coefficients of fatty acids in SLES/FA mixed micelles have been 
108 
 
evaluated.  MD simulations have been performed to obtain the self -assembling of SLES/CA 
and SLES/PA mixed micelles. A number of micelles were formed for both simulated systems 
and the largest micelles of each system were selected for performing partition coefficient 
predictions.  Initially, the two selected micelles were used in COSMOmic for the prediction of 
the micelle/water partition coefficients of capric acid, palmitic acid and caprate anion in the 
two micelles. The predicted micelle/water partition coefficients were compared directly with 
the experimental values and good agreement with experimental data was found for the 
partition coefficients of the neutral solutes of capric acid and palmitic acid, while a severe 
underprediction occurred for the micelle-water partition coefficient of capric acid anion 
(caprate). Subsequently, the SMD/US approach has been explored for predicting partition 
coefficients, in order to achieve a more accurate prediction of the micelle -water partition 
coefficient of caprate. Two force fields were employed in performing SMD/US predictions, 
the CHARMM36 non-polarizable force field and the CHARMM Drude polarizable force field. 
The SMD/US approach using the CHARMM36 non-polarizable force field produced similar 
results to COSMOmic, showing that the use of non-polarizable force field only provides good 
prediction accuracy for the partition coefficients of neutral solutes and not for the charged 
caprate molecule. Good prediction accuracy for the micelle-water partition coefficient of 
caprate was achieved by using the latest CHARMM Drude polarizable force field in the 
SMD/US simulation. This suggests that in simulating charged solutes in anionic surfactant 
micelles, the employment of a polarizable force field is crucial to accurately model 
electrostatic interactions and as such, to obtain accurate predictions for the micelle/water 
partition coefficient. 
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7 CONCLUSIONS AND FUTURE PROSPECTIVE 
 
7.1 Overall conclusions 
 
7.1.1 Accuracy of predictions of the MD/COSMOmic approach  
 
The method that combines molecular dynamics simulation with the COSMO-RS theory 
(MD/COSMOmic) was used for predicting solutes partition coefficients in three different 
solvent systems: octanol/water, SDS/heptane/butanol in water microemulsion and mixed 
SLES/CA and SLES/PA micelles. The MD/COSMOmic approach showed good accuracy in 
predicting the partition coefficients of neutral solutes in all three systems, whereas lacked in 
accuracy in predicting the partition coefficients of the charged solutes. The good agreement 
between the predicted partition coefficients of neutral solutes and experimental data 
suggests that the in-silico modelling at a molecular level by means of the MD/COSMOmic 
approach can be used as a useful tool to reduce experiments for neutral solutes in both 
homogeneous and heterogeneous systems. 
7.1.2 Robustness of the SMD/US in predicting micelle/water partition coefficient for neutral 
and charged solutes 
A recently reported alternative approach for predicting the partition coefficients of solutes in 
complex emulsions and micelles is to combine steered molecular dynamics (SMD) simulations 
with umbrella sampling (US).  This approach has been explored for predicting the free energy 
of transfer and the partition coefficients of neutral and charged solutes in the mixed SLES/CA  
and SLES/PA micellar systems. Two force fields have been compared, the widely used 
CHARMM36 non-polarizable force field and the recently developed CHARMM Drude 
polarizable force field.  Both force fields showed good performance in predicting the partition 
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coefficients of neutral solutes of capric acid and palmitic acid.  For the charged solute of capric 
acid anion (caprate), the latest CHARMM Drude polarizable force field was shown to reliably 
model the electrostatic interaction between the sulfate anion of SLES and the hydroxide anion 
of caprate, and thus predicting the micelle/water partition coefficient of caprate with good 
accuracy. On the contrary, the use of the CHARMM36 non-polarizable force field, which does 
not adequately model the induced polarizability of the two anions, severely overpredicted 
the micelle/water partition coefficient of caprate. Thus, in order to achieve accurate 
prediction of the partition coefficients of charged solutes in complex fluid microstructures 
such as anionic micelles, the employment of a polarizable force field is necessary.  
7.2 Future Prospective 
 
7.2.1 SMD/US approach with replica exchange at constant temperature and constant pH 
 
Solutes partitioning in complex microstructures of micelles and emulsions depends on 
temperature and pH. Such temperature and pH effect can be also evaluated with the SMD/US 
approach. It can be foreseen that with the rapid development of MD simulation with re plica 
exchange at constant pH141,142 and temperature143–145, the combined SMD/US in-silico 
approach represents a valid low-cost alternative to experiments. The main limitation of the 
method is the time required for the SMD simulations, which increases with the size and 
complexity of the molecular assembly. Coarse grained simulations with subsequent back -
mapping to the atomistic scale146 can be investigated and tested for speeding up the 
prediction.  
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7.2.2 A coarse graining simulation – COSMOmic approach 
 
Coarse graining methods allow for fast molecule dynamics simulation in a simplified 
representation. Specifically, a group of atoms of molecules can be included in different 
“beads”. Several types of beads have been developed depending on the nature of the 
simulated atoms. This procedure is called “mapping” and consists of selecting the bead that 
more accurately describes the structure and the chemical nature of the atom group. Once the 
mapping procedure has been carried out for each type of molecule of the system, the dynamic 
simulation can be performed at the bead scale. Force field, as for atomistic MD simulations, 
are used for calculating the potential and force interactions among beads. Coarse graining 
MD simulations can be performed in different ensembles (e.g. NVT or NPT) as for simulation 
at the atomistic scale. The Martini force field147, among others, is widely used for coarse 
graining simulations. This method, compared to atomistic MD simulations, gives a less 
detailed structure of the simulated system. On the other side, coarse graining simulations 
allow for the simulation of larger systems and for longer times. This is necessary for large 
dynamic systems that are composed by big molecules (e.g. polymers) with which atomistic 
MD simulations are not practical. Subsequently, a back-mapping procedure146 can be applied 
for bringing the simulated system back from the bead scale to the atomistic one. This would 
save simulation time and would still allow the use of COSMOmic for the determination of 
partition coefficients. 
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8 APPENDIX 
 
Table 8-1: List of experimental and predicted Log K ow for analysed solutes.  COSMOmic predictions 
are reported for the dry and wet case for both the self-assembled (S.A.) and the pre-assembled (P.A.) 
configurations.  
  
Solute  
Log Kow  
Exp  EPI  UNIFAC  COSMOtherm  
COSMOmic dry  COSMOmic wet   
S.A.  P.A.  S.A.  P.A.   
1-2-dichlorobenzene  3.43  3.28  0.81  2.89  2.95  3.05  2.90  2.95   
1-3-5-trichlorobenzene  4.19  3.93  0.09  3.59  3.67  3.77  3.56  3.67   
1-butanol  0.88  0.84  0.77  1.11  1.15  1.16  1.44  1.15   
1-methylnaphthalene  3.87  3.72  4.29  3.34  3.40  3.50  3.28  3.40   
1-propanol  0.25  0.35  0.32  0.57  0.63  0.63  0.97  0.63   
2-heptanone  1.98  1.73  1.67  2.08  2.12  2.10  2.36  2.12   
2-hexanone  1.38  1.24  1.22  1.58  1.62  1.60  1.88  1.62   
2-methylnaphthalene  3.86  3.72  4.29  3.27  3.32  3.42  3.21  3.32   
2-methylphenol  1.95  2.06  1.73  1.96  2.03  2.16  2.10  2.03   
2-nonanone  3.14  2.71  2.56  3.12  3.17  3.15  3.32  3.17   
2-pentanone  0.91  0.75  1.11  1.04  1.12  1.05  1.44  1.12   
2-phenylethanol  1.36  1.57  2.14  1.50  1.53  1.60  1.75  1.53   
3-5-dimethylphenol  2.35  2.61  2.37  2.32  2.38  2.51  2.43  2.38   
3-chlorophenol  2.98  2.72  0.38  2.01  2.09  2.23  2.16  2.09   
3-methylphenol  1.96  2.06  1.73  1.85  1.92  2.05  2.00  1.92   
3-pentanone  0.99  0.75  1.11  1.18  1.18  1.19  1.43  1.18   
4-chloronitrobenzene  2.33  2.46  1.12  2.54  2.52  2.43  2.54  2.37   
4-bromotoluene  3.42  3.43  3.70  3.06  3.12  3.22  3.02  3.12   
4-chloroaniline  1.83  1.72  0.27  1.41  1.48  1.63  1.61  1.48   
4-chlorophenol  2.39  2.16  0.38  2.44  1.99  2.63  2.07  2.52   
4-ethylphenol  2.39  2.55  2.13  1.91  2.40  2.14  2.45  1.99   
4-hydroxybenzaldehyde  2.58  1.23  0.48  2.32  0.73  2.52  1.11  2.40   
4-methoxyphenol  1.35  1.59  0.56  0.52  1.43  0.74  1.57  0.73   
4-methylphenol  1.94  2.06  1.73  1.83  1.90  2.03  2.00  1.90   
4-nitroaniline  1.36  1.47  0.59  1.54  0.51  1.43  0.96  1.39   
4-nitrotoluene  1.39  2.36  2.47  2.35  2.42  2.51  2.46  2.42   
acenaphthylene  3.94  3.94  4.31  3.15  3.20  3.30  3.09  3.20   
acetone  -0.24  -0.24  -0.12  -0.13  0.14  -0.09  0.57  0.14   
acetophenone  1.58  1.67  1.59  1.38  1.43  1.45  1.68  1.43   
aniline  0.90  1.08  0.99  0.92  0.97  1.10  1.16  0.97   
anisole  2.11  2.07  1.70  2.14  2.17  2.28  2.19  2.17   
anthracene  4.45  4.35  5.06  3.73  3.80  3.89  3.60  3.80   
benzaldehyde  1.48  1.71  1.62  1.12  1.21  1.22  1.49  1.21   
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Table 1: Continued (1)  
 
 
  
Solute  
Log Kow  
Exp  EPI  UNIFAC  COSMOtherm  
COSMOmic dry  COSMOmic wet   
S.A.  P.A.  S.A.  P.A.   
benzene  2.13  1.99  2.24  1.98  2.01  2.12  2.06  2.01  
Benzoic acid  1.87  1.87  1.36  1.51  1.58  1.68  1.76  1.58  
benzonitrile  1.56  1.54  1.29  1.00  1.14  1.12  1.44  1.14  
benzyl alcohol  1.10  1.08  1.69  1.22  1.25  1.33  1.47  1.25  
biphenyl  4.01  3.76  4.42  3.42  3.48  3.58  3.33  3.48  
bromobenzene  2.99  2.88  3.07  2.55  2.60  2.70  2.55  2.60  
butane  2.89  2.31  1.90  2.76  2.79  2.90  2.82  2.79  
butylbenzene  4.38  4.01  4.16  4.02  4.09  4.18  3.94  4.09  
chlorobenzene  2.84  2.64  1.52  2.44  2.49  2.60  2.48  2.49  
cyclohexane  3.44  3.18  2.60  3.05  3.08  3.18  3.08  3.08  
dichloromethane  1.25  1.34  1.40  1.27  1.33  1.49  1.49  1.33  
dioxane  -0.27  -0.32  0.15  0.08  0.12  0.09  0.15  0.11  
ethane  1.81  1.32  1.01  1.70  1.72  1.84  1.84  1.72  
ethanol  -0.31  -0.14  -0.12  -0.03  0.11  0.03  0.48  0.11  
ethoxybenzene  2.51  2.57  2.47  2.71  2.74  2.85  2.69  2.74  
ethylbenzene  3.15  3.03  3.27  2.99  3.04  3.14  2.99  3.04  
ethylbenzoate  2.64  2.32  2.58  2.55  2.55  2.62  2.58  2.55  
ethylvanillin  1.58  1.55  0.72  1.72  1.82  1.83  2.09  1.82  
fluorene  4.18  4.02  4.73  3.53  3.60  3.70  3.44  3.60  
fluorobenzene  2.27  2.19  2.72  2.06  2.11  2.22  2.15  2.11  
heptanol  2.62  2.31  2.11  2.66  2.71  2.73  2.89  2.71  
hexane  3.90  3.29  2.79  3.78  3.83  3.93  3.76  3.83  
hexanol  2.03  1.82  1.66  2.14  2.18  2.20  2.40  2.18  
iodobenzene  3.25  3.16  1.64  2.78  2.83  2.93  2.76  2.83  
methanol  -0.77  -0.63  -0.73  -0.67  -0.36  -0.57  -0.04  -0.36  
methylbenzoate  2.12  1.83  2.13  2.10  2.11  2.19  2.19  2.11  
methylisobutilketone  1.31  1.16  1.22  1.61  1.63  1.64  1.86  1.63  
naphtalene  3.30  3.17  3.65  2.84  2.89  3.00  2.92  2.89  
n-ethylaniline  2.16  2.11  1.80  2.56  2.60  2.71  2.57  2.60  
nitrobenzene  1.85  1.81  1.84  1.97  2.03  2.13  2.10  2.03  
octanol  3.00  2.81  2.56  3.19  3.24  3.26  3.37  3.24  
pentane  3.39  2.8  2.35  3.27  3.31  3.41  2.86  3.31  
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 Table 1: Continued (2)  
 
 
pentanol  1.51  1.33  1.22  1.62  1.65  1.67  1.92  1.65  
phenanthrene  4.46  4.35  5.06  3.63  3.71  3.80  3.52  3.71  
phenol  1.46  1.51  1.10  1.36  1.42  1.57  1.56  1.42  
phenylacetonitrile  1.56  1.56  2.12  0.91  1.08  1.05  1.41  1.08  
propane  2.36  1.81  1.45  2.23  2.26  2.37  2.33  2.26  
propylbenzene  3.69  3.52  3.71  3.52  3.58  3.67  3.47  3.58  
p-xylene  3.15  3.09  3.51  3.03  3.07  3.17  3.01  3.07  
pyrene  4.88  4.93  5.70  3.92  3.99  4.08  3.77  3.99  
quinoline  2.03  2.14  3.50  1.66  1.62  1.68  1.76  1.62  
tetrachloromethan  2.83  2.44  2.90  2.94  3.00  3.10  2.98  3.00  
toluene  2.73  2.54  2.87  2.52  2.56  2.66  2.55  2.56  
tricchloromethan  1.97  1.52  1.95  2.13  2.20  2.34  2.28  2.20  
vanillin  1.21  1.05  -0.06  1.24  1.36  1.37  1.67  1.36  
 
 
 
 
 
 
 
 
